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Even though snowfall at the surface is often constrained to higher latitudes or altitudes, the 
contribution of solid phase hydrometeors to the hydrologic cycle is not trivial and can be related 
to more than 50% of all surface rain events. Furthermore, the quantification of snow and ice in the 
atmospheric column are required to understand the Earth’s outgoing thermal radiative budget. 
Thus, the retrieval of snowfall from spaceborne radars that can sample remote regions of the world 
are invaluable for both atmospheric and climate sciences.    
 One spaceborne radar capable of measuring snowfall is the Global Precipitation 
Measurement mission’s Dual-frequency Precipitation Radar (GPM-DPR). Initial evaluations of 
the retrieval of near-surface snowfall from GPM-DPR against the common global snowfall 
reference (i.e., CloudSat) showed large discrepancies between the two radar retrieval estimates. 
The large discrepancy between the CloudSat and GPM-DPR snowfall retrieval served as the main 
motivation for the work conduced here. Three tasks were formulated and conducted in this 
dissertation: (1) Evaluate the assumptions within the current GPM-DPR retrieval of snowfall; (2) 
Create an alternative retrieval for GPM-DPR; (3) Compare the new retrieval to the old retrieval 
methods. Task 1 is found in Chapter 2, Task 2 is in Chapter 3 and Task 3 is in Chapter 4.  
 For Task 1, the investigation of ground-based measurements of both rain and snow and 
their particle size distributions allowed for the assessment of the main microphysical assumption 
of the GPM-DPR retrieval, which assumes that all hydrometeors obey the same empirical 
relationship between the precipitation rate (𝑅) and the mass weighted mean diameter (𝐷!). 
Rainfall observations showed that the default 𝑅 − 𝐷! relation for rainfall is plausible and shows 
general consistency with a Pearson 𝜌 correlation coefficient of 0.63. However, snowfall 
observations showed that the 𝑅 − 𝐷! relation does not apply well for snowfall resulting in the 
underestimation of 𝑅. Furthermore, the low correlation between the log(𝑅) and 𝐷! (𝜌 = 0.23) 
suggests that an 𝑅 − 𝐷! retrieval is not optimal for snowfall retrievals and other methods should 
be explored.  
Motivated from the results of Task 1, an alternative retrieval for GPM-DPR was designed 
in Task 2 using a neural network, state-of-the-art particle scattering models and measured particle 




improves (𝑝 < 0.05) the mean squared error of the retrieval of ice water content (IWC) compared 
to old power-law methods and an estimate of the current GPM-DPR algorithm. This was shown 
in the evaluation of the retrieval on a subset of synthetic data that was not used in training the 
neural network as well as in three case studies from NASA field campaigns where independent 
observations of radar reflectivity and in-situ parameters were made.  
Finally, Task 3 evaluated the newly formulated retrieval from Task 2 against the 
operational CloudSat product (2C-SNOWPROFILE) and the current GPM-DPR algorithm. The 
evaluation is done using a premade coincident dataset of both CloudSat and GPM-DPR which 
allowed for the direct comparison of all retrieval methods. Comparing the three retrievals show 
that on average the neural network retrieval performs best, predicting 𝑅 just below the melting 
layer to within 2%. A secondary result from Task 3 is that the 2C-SNOWPROFLE retrieval is 
likely underestimating 𝑅 for moderate to intense snowfall events signified by a 35% reduction of 
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Motivation and Background 
 
1.1 Motivation  
Clouds and aerosols continue to contribute large uncertainty in climate projections (IPCC 
report AR-5 Chapter 7, Boucher et al., 2013). Part of the uncertainty lies with how Global 
Circulation Models (GCMs) parameterize ice cloud microphysics, since ice particles exhibit large 
variability in size, shape, density and terminal fall velocity. The large variability of ice 
microphysics parameterizations results in a spatial distribution of ice water path (IWP) having 
considerable variance among GCMs and thus considerable differences in radiative forcing 
(Eliasson et al., 2011; Waliser et al., 2009). This uncertainty could be partially mitigated if the ice 
cloud microphysics within GCMs could be constrained with satellite retrievals, but satellite 
retrievals themselves also contain large uncertainty owing to different operating principles of 
satellite sensors and the sensitivity to different portions of the IWP distribution (Duncan & 
Eriksson, 2018). 
In addition to the importance of ice clouds on the climate system, they are also important 
in quantifying the hydrologic cycle. Global near surface rainfall has been extensively studied using 
spaceborne radars (e.g., Khan & Maggioni, 2019; Liao & Meneghini, 2019a, 2019b) but since 30% 
(tropical) to 90% (polar) of precipitation can be linked to snow processes aloft (Field & 
Heymsfield, 2015), neglecting the study of solid phase clouds leads to an incomplete quantitative 
understanding of the entire precipitation process.  The primary reason for the gap in understanding 
of snowfall retrieval is again the natural variability of solid phase hydrometeors. Since this large 
variability exists, there is considerably more ambiguity in interpreting remote sensing retrievals 
compared to the liquid phase, especially when only considering a single-frequency retrieval.  
With the advent of collocated multiple-frequency radars and advances in particle scattering 
models, the literature (e.g., Chase et al., 2018; Grecu et al., 2018; Kneifel et al., 2011; Jussi 
Leinonen et al., 2018; Liao et al., 2016; Tridon et al., 2019) has suggested there is opportunity to 
constrain some of the ambiguity in the remote sensing retrievals within ice and snow clouds. Once 
constrained, a more accurate retrieval of global snowfall rate and ice properties can be investigated. 




projections of future climates. Lastly, a more accurate quantitative description of the global water 
cycle will be obtained.   
 
1.2 Background  
From the onset of radar use within the meteorology community, there has been an effort to 
relate the microphysics of the clouds, such as mass and mass flux, to the observed radar return. 
Marshall et al. (1947) was the first to demonstrate observations of the equivalent radar reflectivity 
factor (𝑍") and the rainfall rate (𝑅) follow the theoretically derived relationship by Ryde (1941). 
Similarly, Langille & Thain (1951) showed that the power returned from snowfall was of the same 
magnitude of Ryde (1941)’s theory. Both Marshall et al. (1947) and Langille & Thain (1951) 
showed that the vertical mass flux followed a power law when related to 𝑍". More recently, this 
technique is still utilized (e.g., Hiley et al., 2011; Matrosov, 2007) and is formulated as followed 
when using a single radar frequency: 
𝑉𝑒𝑟𝑡𝑖𝑐𝑎𝑙	𝑀𝑎𝑠𝑠	𝑓𝑙𝑢𝑥 = 𝛼	𝑍"
# 	 (1.1) 








𝑁(𝐷) is the number distribution function, 𝜎(𝐷) is the backscatter cross-section, 𝐷 is the maximum 
dimension of the particle, 𝜆 is the wavelength of the radar and |𝐾&|' is the dielectric factor. Using 
the same form, a relation between mass content and 𝑍" 	can also be derived 
𝑀𝑎𝑠𝑠	𝑐𝑜𝑛𝑡𝑒𝑛𝑡 = 𝜅	𝑍"* 	 (1.3) 
with different empirical fit parameters κ and δ. Since the focus of this work is on solid phase 
hydrometeors, Equation 1.1 and Equation 1.3 become: 
𝑆 = 	𝛼	𝑍"
# 		 (1.4) 
𝐼𝑊𝐶 = 𝜅	𝑍"* 	 (1.5) 
where S stands for the snowfall rate (in liquid equivalent, mm hr-1) and IWC stands for the ice 
water content (g m-3). 
There are several ways to obtain the values of the coefficients (α, β, κ, δ). One method is 
to consider the modeled scattering properties of ice hydrometeors with known mass, size and 




(DDA, Purcell & Pennypacker, 1973; Yurkin & Hoekstra, 2011); T-matrix (Mishchenko & Travis, 
1998); Mie scattering (Mie, 1908); Generalized Multiparticle Mie solution (Xu, 1995a); Rayleigh 
scattering (Rayleigh, 1881). Once a forward model is chosen (from which 𝜎(𝐷) is known),	𝑁(𝐷) 
is required to obtain 𝑍". From a continued theoretical perspective, one could assume a numerical 
representation of 𝑁(𝐷). All numerical forms of 𝑁(𝐷) stem from the generalized gamma 
distribution with 4 parameters: 𝑁), λ, μ and γ (Deirmendjian, 1969) 
𝑁(𝐷) = 𝑁!	𝐷"	𝑒#$%
! . (1.6) 
More commonly, 𝑁(𝐷) can be represented with one less parameter, named the gamma distribution 
(e.g., McFarquhar et al., 2015; Ulbrich, 1983), by setting γ to 1 which would simplify the integral 
in Equation 1.2. Equation 1.6 then becomes 
𝑁(𝐷) = 𝑁!	𝐷"	𝑒#$%	. (1.7) 
Furthermore, studies have shown that for precipitating ice clouds 𝑁(𝐷) can be represented in an 
even simpler form than Equation 1.7, named the negative exponential, by setting μ to 0 (e.g.,  
Heymsfield et al., 2008; Sekhon & Srivastava, 1970) 
𝑁(𝐷) = 𝑁!	𝑒#$%	. (1.8) 
The parameters (e.g., 𝑁) and 𝜆) are then varied systematically when implemented in Equation 1.8 
to provide a wide range of potential 𝑍". If it is desired not to make an a priori assumption of the 
form of 𝑁(𝐷), studies have used observed particle size distributions from aircraft or ground based 
in-situ sensors (e.g., Grecu et al., 2018; Wang et al., 2005), but it should be noted that the integral 
in Equation 1.2 then becomes a discrete sum, as in-situ probes only measure from some minimum 








where Δ𝐷+ is the width of the bin with a midpoint of 𝐷+. Similarly, IWC and S can be calculated 






where 𝑚(𝐷) is the mass of a particle with size 𝐷. Typically, 𝑚(𝐷) is represented as a power-law 
of the form 




with 𝑎 and 𝑏 being derived from observations of particle mass and maximum dimension. Snowfall 
rate is formulated closely to IWC 




with the addition of 𝑣(𝐷) which represents the terminal fall velocity of a particle with maximum 
dimension 𝐷. Akin to Equation 1.4, 1.5 and 1.11, 𝑣(𝐷) is formulated with a power-law 
𝑣(𝐷) = 𝑐	𝐷/ 	 (1.13) 
with 𝑐 and 𝑑 derived from observations. Again, the integrals become discrete sums if an observed 
𝑁(𝐷) is used. For completeness Equation 1.10 then becomes 




and Equation 1.12 becomes 




Once 𝑍", 𝑆 and 𝐼𝑊𝐶 are derived the coefficients of Equation 1.4, 1.5 can be obtained through a 
statistical fitting method (e.g., linear regression on the logarithm of both parameters).  
The main limitations with the aforementioned method are that the assumptions of particle 
type, forward scattering model and 𝑁(𝐷)	all have consequences on the outcome of the empirical 
fit, and could result in errors when trying to use the coefficients on operational data when the 
assumptions are incorrect. For example, consider the work done by Wang et al. (2005), where the 
choice of forward scattering model for 94 GHz 𝑍" was the T-matrix technique (Mishchenko & 
Travis 1998). Recent advancements in computing power since Wang et al. (2005) have allowed 
for expansion of DDA scattering on precipitation sized particles where Tyynelä et al. (2011) 
showed that the 𝜎(𝐷), and subsequently the 𝑍" , for the spheroidal solution (T-matrix) diverges 
from the non-spherical solution (DDA) when D ≥3 mm for 94 GHz.  Thus, the results in Wang et 
al. (2005) likely suffer from underestimating 	𝑍" when particles of about 3 mm or greater are 
present, adding errors and potential biases to the retrieved fit in Equation 1.4 or 1.5.  
A second method to derive the coefficients for Equation 1.4 and Equation 1.5 are to have 
independent measurements of both 𝑍" and the quantity of interest, such as 𝐼𝑊𝐶 or 𝑆. Independent 
measurements in theory create more confidence of the empirical fit because no assumptions are 




method has its own set of limitations. For example, in order for the empirical fit to be accurate for 
use with any other radar, the radar used to create the fit must be well calibrated and corrected for 
attenuation. A lack of good calibration or regions of high attenuation (e.g., supercooled liquid 
water at 94 GHz) would result in a bias in the retrieval. Another issue with this technique is the 
disagreement of sample volumes of the independent measurements. Radar sample volumes 
increase with distance from the radar and can be much larger than their corresponding in-situ 
measurements. This results in the radar and in-situ probes not sampling exactly the same particles 
which will lead to inaccuracies. Furthermore, there are issues with measuring the in-situ quantities 
of interest. Current techniques for measuring 𝑁(𝐷) by research aircraft involves the use of optical 
array probes, such as the 2-Dimensional Stereo Probe (Lawson et al., 2006) and the High Volume 
Precipitation Spectrometer (Lawson et al., 1993) that measure the silhouette of particles as they 
pass through the sample volume of the probe. There is no concurrent measurement on a particle 
by particle basis of mass or terminal fall velocity, forcing an additional empirical relationship to 
be used with the maximum dimension of the imaged particles (e.g., 𝑚(𝐷), (Brown & Francis, 
1995); 𝑣(𝐷), (Locatelli & Hobbs, 1974)) to obtain 𝐼𝑊𝐶 and 𝑆. With the inclusion of a bulk water 
content probe, such as a Nevzorov (Korolev et al., 1998), one could build an empirical relationship 
for Equation 1.11, but current bulk water probes have also shown nonnegligible sampling issues 
(e.g., Abel et al., 2014; Korolev et al., 2013). Finally, the representativeness of the observations 
used in the fit of Equation 1.4 and 1.5 is questionable if one wishes to derive a global relationship. 
While such measurements from field campaigns in various locations have occurred (e.g., Houze 
et al., 2017; Jensen et al., 2016; Skofronick-Jackson et al., 2015), it is unlikely that the full 
spectrum of possible ice properties of the globe are captured from a few events and locations. 
Thus, it is imperative to continuously create a larger and more general database.  
Given the considerable amount of uncertainty in both methods discussed above using a 
single frequency radar, there have been various attempts to improve the retrievals. One such way 
is to include information about the atmospheric state in which the retrieval was being made, such 
as temperature. Liu & Illingworth (2000) incorporated temperature into their derivation of the 
coefficients in Equation 1.5 to help account for systematic changes to the 𝑁(𝐷) because of the 
growth behavior of solid phase hydrometeors. Liu & Illingworth (2000) found that the inclusion 
of temperature reduced the standard deviation of the log(𝐼𝑊𝐶) to be as low as 0.1, or about 20% 




Illingworth (2000) to have smoother temperature bin transitions and derive the relationships from 
a larger global in situ dataset. 
Another technique to reduce the amount of uncertainty in Equations 1.4 and 1.5 is to 
include additional values of 𝑍" by using a multiwavelength radar. The scattering properties of 
hydrometeors inherently depend on the shape, orientation, size and mass of the particle as well as 
the frequency of radiation that is incident upon it.  The particle size and frequency of radiation is 





where 𝑟 is the particle radius and 𝜆 is the wavelength of the incident radiation.  
The general behavior of scattering of atmospheric constituents can be broken down into 
four general regimes: Negligible, Rayleigh, Mie and Geometric which correspond to size 
parameters of   ~ 0, << 1, 0.2 – 2000 and > 2000 (see Figure 12.1 in Petty, 2006). Typical radar 
wavelengths and hydrometeor sizes encompass the Rayleigh to Mie scattering regimes. Effectively 
as the radar wavelength and particle size shift from the Rayleigh scattering regime, which is quasi-
isotropic scattering, to Mie scattering which has a preferred forward scattering direction, the 𝑍" 
decreases. Thus, the magnitude of the ratio of the 𝑍" measured from a longer wavelength radar 
and 𝑍" measured by a shorter wavelength radar, named the Dual Frequency Ratio (DFR), is 
proportional to the size of the scatterers. Mathematically, the DFR is described as  




where 𝜆2 is commonly the longer wavelength compared to 𝜆'. The DFR was first purposed by 
Atlas & Ludlam (1961) using an S- and X-band radar to diagnose regions of large hail and 
proposed for use in snow by Matrosov (1992). Following these works, several studies implemented 
the use of multiple frequencies. For example, Sekelsky et al. (1999) used S-, Ka- and W- band 
radar to retrieve the characteristic particle size and 𝑁) (in Equation 1.7) within radar volumes of 
ice to then calculate IWC in a stratiform, convective and cirrus cloud. Their results show that the 
derivation of mean particle size leads to a more constrained IWC estimate than using a simple 
𝑍" − IWC relationship and posits that the multiple-frequency method is more applicable to all 
clouds than traditional single 𝑍" − IWC derivations derived in certain types of clouds in certain 




Although it is known that the uncertainty is large with single frequency 𝑍" − IWC and 
𝑍" − S relationships, they have historically been applied to spaceborne radars to analyze the global 
distribution of solid phase hydrometeors. The first spaceborne radar was the Ku-band Precipitation 
Radar (KuPR, 13.7 GHz/22 mm) on TRMM (Kummerow et al., 1998), but because of the 
satellite’s low inclination orbit, only sampling as far as poleward as 35°N/S, and high radar 
sensitivity (> 18 dBZ), there was no potential to study near-surface snowfall. The next spaceborne 
radar, launched in 2006, was the Cloud Profiling Radar (CPR) on CloudSat which was much more 
suitable to measure snowfall, with its highly sensitive (-28 dBZ) W-band (94 GHz/3 mm) radar 
(Stephens et al., 2002) and a high inclination orbit (98°). Using the data from the CPR, a global 
distribution of snowfall could be investigated for the first time (Kulie & Bennartz, 2009; Liu, 
2009). Liu (2009) showed that there are hemispheric differences in the spatial distribution of 
snowfall. In the southern hemisphere (SH) frequent and strong snowfall exists approximately 
zonally along a latitudinal belt centered on -60°S, while the northern hemisphere (NH) shows more 
preferential locations as opposed to an entire latitudinal belt. Extending Liu (2009)’s and Kulie & 
Bennartz (2009)’s analysis to 4 years of CloudSat data, Kulie et al. (2016) showed similar trends 
in the distribution of snowfall frequency and intensity, with peak mean snowfall accumulations 
found to be around 1000 mm/year (liquid equivalent snowfall). Following CloudSat, the next 
spaceborne radar was a part of the Global Precipitation Measurement (GPM) mission which 
launched in February of 2014, carrying the first spaceborne Dual-frequency Precipitation Radar 
(DPR, Hou et al., 2014). The DPR is a Ku- (KuPR, 13.6 GHz/22 mm), Ka- (KaPR, 35.5 GHz/8 
mm) scanning radar. With the DPR’s 65° inclination orbit and improved sensitivity compared to 
TRMM (12 dBZ Ku-band), near-surface snowfall can be investigated. Single frequency retrievals 
using the KuPR have shown similar patterns of snowfall frequency to the CPR, but overall mean 
annual accumulations differ. Adhikari et al. (2018) shows that the maximum mean snowfall rates 
estimated from the KuPR of GPM are about 300 mm per year, which is 700 mm per year less then 
retrievals using the CPR (Kulie et al., 2016). Similarly, other studies (Skofronick-Jackson et al., 
2018, 2019; Tang et al., 2017) have shown the DPR generally retrieves less snowfall than CPR. 
As summarized in Casella et al. (2017), this is primarily due to the DPR’s relatively low sensitivity 
compared to CPR, missing 92% of snowfall events and approximately 70% snow by mass 
determined by the CPR. Even when efforts are made to create a fair comparison between both 




sensitivities, GPM-DPR snowfall accumulations are persistently low, underestimating the global 
mean snowfall accumulation by 43% compared to CPR (Skofronick-Jackson et al., 2019). Thus, 
the results from Skofronick-Jackson et al. (2019) suggest there is a retrieval algorithm difference 
between CloudSat and GPM-DPR leading to the differences.  
The large underestimation likely within the GPM-DPR algorithm is important because it 
has downstream impacts on other scientific analyses. Currently, the GPM-DPR data product is 
publicly available to anyone through NASA’s data servers. Over 2,500 unique users currently use 
the GPM-DPR level 2 products (Portier & Kirschbaum, 2020) which contain the large bias 
reported in Skofronick-Jackson et al. (2019). For example, Huang & Chen (2019) and Chen et al. 
(2019) published work using GPM-DPR and its associated retrievals in the ice layer of mid-latitude 
cyclones and tropical cyclones respectively. Thus, their results are formulated from a known biased 
product and their conclusions are likely affected.  
To prevent further published results on unevaluated GPM-DPR products, this dissertation 
will complete the following three main tasks: 
1) Evaluate the current GPM-DPR microphysical assumptions for retrievals of both rain 
and snow; 
2) Formulate an alternative retrieval that can be used with GPM-DPR; 
3) Evaluate the newly derived retrieval against CloudSat. 
In order words, this dissertation will evaluate the current retrieval method for GPM-DPR, suggest 
an alternative method to improve retrievals and then evaluate the new retrieval directly against the 
current accepted reference for global snowfall retrievals (i.e., CloudSat). The aforementioned tasks 





Evaluation of the Microphysical Assumptions within the GPM-DPR 
Using Ground-Based Measurements of Rain and Snow 
 
2.1 Introduction 
Global retrievals of precipitation that falls as rain and snow at the surface and aloft are 
important for quantifying several key components of the Earth’s water cycle. At the surface, the 
amount of snow that falls within a watershed located in mountainous terrain is vital for water 
supply and water resource management (Viviroli et al., 2003). Furthermore, even though most of 
the Earth’s precipitation reaches the surface as rain, more than 60% of precipitation on average 
can be connected to ice phase processes aloft (Field & Heymsfield, 2015). Thus, in order to obtain 
a complete quantitative understanding of the hydrologic cycle, an accurate retrieval of snowfall is 
required. Moreover, quantifying the total amount of ice mass in the atmospheric column (i.e., the 
ice water path (IWP)) has direct implications on the Earth’s radiative balance and is important for 
constraining general circulation models (Duncan & Eriksson, 2018; Waliser et al., 2009). 
One method of retrieving snowfall properties is the use of radar. Since the first use of radar 
in atmospheric sciences, studies have shown that snowfall mass---and thus the precipitation rate is 
related to the power scattered back to the radar (Langille & Thain, 1951). In this work, the 
abbreviation R is used for the precipitation rate and is used to refer both to the rainfall and snowfall 
rate. Current spaceborne radars, such as CloudSat (Stephens et al., 2002) or the Global 
Precipitation Measurement mission’s Dual-Frequency Precipitation Radar (GPM-DPR; Hou et al., 
2014), attempt to retrieve snowfall properties such as R, ice water content (IWC), and in the case 
of GPM enabled by its dual frequency measurements, the mass-weighted mean diameter (𝐷!) and 
characterize the spatial distribution of precipitation rate and microphysical properties. 
As the first spaceborne radar designed to observe clouds and precipitation at high latitudes, 
CloudSat has been used to retrieve global distributions of near-surface retrieved snowfall. In Liu  
(2009) and Kulie & Bennartz (2009), the authors were the first to investigate global retrievals of 
snowfall which contained large uncertainty (e.g., a factor of 10; see figure 1 in Hiley et al., 2011) 
since the basis of the retrieval required the use of a power-law relation between the measured 
equivalent radar reflectivity factor (𝑍") and the corresponding snowfall rate (also known as a 𝑍" 	−




reduce uncertainty, renewed investigations of the global distribution of snowfall (Behrangi et al., 
2014; Kulie et al., 2016; Kulie & Milani, 2018; Skofronick-Jackson et al., 2019) use the CloudSat 
2C-SNOWPROFILE product, which uses an optimal estimation technique (Rodgers, 2000) to 
retrieve snowfall rate and produce an uncertainty estimate (Wood & L’Ecuyer, 2018; Wood, 
2011). Since the release of the 2C-SNOWPROFILE, studies have compared the CloudSat retrieval 
of R to ground-based techniques and show encouraging results (Cao et al., 2014; S. Chen et al., 
2016; Norin et al., 2015; Souverijns et al., 2018), enhancing confidence in the use of the CloudSat 
2C-SNOWPROFILE to retrieve global snowfall properties. 
In an effort to expand NASA’s earth observing capabilities with an emphasis on global 
precipitation, GPM-DPR was launched into orbit in early February 2014. With the new spaceborne 
radar, new retrievals of global rainfall and snowfall properties could be obtained (e.g., Adhikari et 
al., 2018; Tang et al., 2017). Since GPM-DPR is a scanning Ku and Ka-band radar, while CloudSat 
is a non-scanninng W-band radar, it requires its own suite of retrievals that make a range of 
different assumptions. Once a sufficient sample size of near-coincidences between satellites was 
obtained, the authors in Casella et al. (2017) investigated GPM-DPR’s ability to detect snowfall 
events using CloudSat as a reference. They found that GPM-DPR does not detect more than 90% 
of the detected snowfall events by CloudSat, attributing this to GPM-DPR’s lack of sensitivity. 
Furthermore, Casella et al. (2017) showed that GPM-DPR’s retrievals of R in falling snow have a 
large low bias. The bulk statistical evaluation of the GPM-DPR and CloudSat retrieved products 
in falling snow by the authors in Skofronick-Jackson et al. (2019) showed that the global average 
retrieved GPM-DPR near-surface snowfall rate is about 43% lower compared to CloudSat even 
after carefully considering the differences in sampling (e.g., footprint size), sensitivity and 
operating frequency. Regional differences show much larger disparity (see figure 7 in Skofronick-
Jackson et al., 2019). The low bias in the GPM-DPR snowfall retrieval is also shown by 
Heymsfield et al. (2018), where the GPM-DPR’s snowfall retrieval was considerably lower than 
relationships derived from measurements collected during the Olympic Mountains Experiment 
(OLYMPEX; Houze et al., 2017), the Global Precipitation Measurement Cold Season Experiment 
(GCPEX; Skofronick-Jackson et al., 2015) and a mass flux technique that uses mass continuity 
through the melting layer and more constrained retrievals in rain. Since various investigators and 
methods have shown consistent results, it is evident that the current GPM-DPR retrieval in 




Jackson et al. (2019) suggest that the likely reason for this low bias is the GPM-DPR retrieval 
algorithm itself and not the satellite hardware (e.g., calibration, sensitivity, footprint size, 
scanning/non-scanning) or orbit (e.g., inclination, sun synchronous/non-sun synchronous). 
A primary microphysical assumption made within the GPM-DPR retrieval algorithm is 
that there is a prescribed empirical relationship between 𝑅 and 𝐷!. The 𝑅	 −	𝐷!  relation used is 
derived ultimately from ground-based disdrometer measurements in the Tropics (Kozu et al., 2009; 
Seto & Kinoshita, 2015) and allows the simultaneous retrieval of 𝑅 and 𝐷! for a measured 𝑍" . 
This framework was first adopted in version 4 of the GPM-DPR algorithm (released in 2016) and 
is used currently (version 6) for all precipitating echoes regardless of hydrometeor phase. 
Evaluations of GPM-DPR retrieval products within rain have been ongoing. Studies have 
considered the direct evaluation of GPM-DPR retrievals with surface-based rain gauges (Lasser et 
al., 2019), radars (Petersen et al., 2020) and disdrometers (Sun et al., 2020). Results generally show 
a good agreement and meet the Level 1 Scientific Requirements of the GPM mission (see Section 
1.1.3 of Skofronick-Jackson et al., 2017). However, there have been no investigations of the 
empirical relation itself and whether it can encapsulate observations of rainfall from various 
meteorological regimes. Furthermore, no studies have verified that the same 𝑅 − 𝐷! empirical 
relation applies to snowfall. 
The analysis provided here will assess the empirical relation prescribed between 𝑅 and 𝐷! 
using surface observations of rainfall from various geographic locations and will quantify its error. 
Then, observations of surface snowfall will be contextualized in the liquid equivalent 𝑅 − 𝐷! 
space for a direct evaluation of the 𝑅 − 𝐷! relations used in the GPM-DPR retrieval algorithm. 
The structure of the rest of the manuscript is as follows: Section 2.2 describes the datasets used in 
this study and how the data were collected and discusses how PSD parameters are derived from 
both liquid and solid-phase PSDs. Section 2.3 presents the results of how well 𝑅 − 𝐷!  relations 
generated using PSDs measured in both rain and snow compare to the prescribed 𝑅 − 𝐷! relation 
in the GPM-DPR algorithm, quantifies error in retrievals emulating the GPM-DPR algorithm and 
investigates the correlation between 𝑅 and 𝐷!. Section 2.4 presents a brief summary and states the 







2.2 Data and Methodology 
2.2.1 Rainfall Data 
In order to evaluate the applicability of the prescribed 𝑅	 − 𝐷! relationships within the 
GPM-DPR algorithm in rain, data collected as part of NASA Ground Validation (GV) field 
campaigns and Department of Energy-Atmospheric Radiation Measurement (DOE-ARM) mobile 
facility deployments are used. The NASA GV field campaigns have accumulated numerous 
surface-based rainfall PSDs over numerous geographic locations around the United States of 
America. Specifically, the campaign data used here are from the following projects: Mid-Latitude 
Continental Convective Clouds Experiment (MC3E, Oklahoma; Jensen et al., 2016), the Iowa 
Flood Studies (IFloodS, Iowa), Integrated Precipitation and Hydrology Experiment (IPHEx, North 
Carolina; Barros et al., 2014) and the Olympic Mountain Experiment (OLYMPEX, Washington 
State; Houze et al., 2017). Data collected at two sites that were not a part of official campaigns but 
nevertheless are included in the NASA GV database are also used here, namely data collected in 
Huntsville, Alabama and at Wallops Air Force Base, Virginia. In order to add samples from outside 
the United States, data are included form several DOE-ARM campaigns and fixed field sites of 
DOE-ARM. Specifically, data from the following international sites are used: Cloud, Aerosol and 
Complex Terrain Interactions (CACTI, Cordoba, Argentina; Varble et al., 2019), Tropical West 
Pacific (TWP, Darwin, Australia and Manus Island, Papua New Guinea; Long et al., 2016), 
Dynamics of the Madden-Julian Oscillation/Cooperative Indian Ocean experiment 
(DYNAMO/CINDY2011, Gan Island, Maldives; Yoneyama et al., 2013) and Eastern North 
Atlantic (ENA, Graciosa Island in the Azores, Portugal; Mather & Voyles, 2013). Finally, a long-
term record from the Southern Great Plains (SGP) site at Lamont, Oklahoma is used (Sisterson et 
al., 2016). 
For all the aforementioned campaigns and field sites, data from a two-dimensional video 
disdrometer (2DVD; Kruger & Krajewski, 2002) are used. The 2DVD is commonly used as a 
reference disdrometer (e.g., Adirosi et al., 2016; Raupach & Berne, 2015; Thurai et al., 2011) that 
measures particle maximum dimension, shape and fall velocity. The minimum particle size that 
can be sampled reliably by the 2DVD is 0.2 mm (Kruger & Krajewski, 2002). The specific data 
used here are the processed datafiles that remove particles that have a terminal fall velocity less 
than 50% of the predicted fall velocity based on size following the relation in Beard (1976). This 




at the same time). Furthermore, only time periods where the rain rate is greater than 0.01 mm hr-1 
and had more than 10 drops within 1 min were considered in the analysis. Then, measured particle 
size distributions (PSDs) are scaled from the 1 min averages to 5 min averages. The result of the 
amalgamation of all the 2DVD measurements is approximately 1.67 years of raining PSDs. 
Overview statistics from all 2DVD data and their respective campaigns are found in Table 2.1. 
 
Table 2.1: Statistics of disdrometer measurements. The equations to calculate the parameters below are found in the 
following section, and their means (when 𝑅 ≥  0.01  mm hr-1) are reported in the table. The number of samples refers 
to the number of 5 min particle size distributions (PSDs). The means of 𝑁# and 𝑍$% were calculated in linear units 




2.2.2 Snowfall data  
From January until April 2014, a joint field campaign between NASA, the University of 
Helsinki, DOE-ARM and the Finnish Meteorological Institute was conducted with an intensive 
observation period designed explicitly to study snowfall Petäjä et al. (2016). The campaign, named 
the Biogenic Aerosols – Effects on Clouds and Climate experiment (BAECC), collected data with 
several radars (C-band, X-band, Ka-band and W-band; dual-polarized and Doppler; scanning and 
non-scanning), surface-based meteorological instruments, vertically pointing microwave 




was measured directly through two OTT Hydromet Pluvio2 weighing bucket gauges enclosed in 
a Double Fence Intercomparison Reference (DFIR) and a Precipitation Imaging Package (PIP) the 
successor to the Snowflake Video Imager (Newman et al., 2009) and not to be confused with the 
commonly used aircraft probe, the Precipitation Imaging Probe. 
The PIP is a high-speed camera pointed at a light source that is 2 m away. This allows for 
any particle falling within its field of view (48 mm by 64 mm) and between the light source and 
the camera to cast a shadow. From these videos of shadowed particles, the particle size and fall 
velocity can be diagnosed. Since the terminal fall velocity is explicitly measured for each particle, 
the derivation of the mass of each particle can be deduced if atmospheric base state information 
(i.e., pressure, temperature) is known. Effectively, the mass can be estimated through 
hydrodynamic theory by considering the drag on the particle, the buoyancy of the particle in the 
fluid (i.e., air) and gravity (Bohm, 1989; Mitchell & Heymsfield, 2005). This method has been 
used on other ground-based disdrometers (e.g., Huang et al., 2015, 2019; Szyrmer & Zawadzki, 
2010; Wood et al., 2014) as well as the dataset used herein (H. Li et al., 2018; von Lerber et al., 
2017, 2018). For a more complete discussion of the retrieval of the mass and its intricacies, consult 
section 3a from von Lerber et al. (2017). After the BAECC campaign concluded its snowfall IOP, 
the PIP and weighting bucket gauges remained at the measurement site in southern Finland and 
are currently still collecting observations. Thus, the ongoing record is now five complete winter 
seasons. Since the processing of the PIP data and retrieval of mass is not trivial, at the time of 
writing this manuscript, only the data from February 2014 - March 2015 were available. Summary 
statistics of the PIP data are shown in Table 2.1 for comparison against the 2DVD datasets. 
2.2.3 Data availability 
All rainfall data are free for use can be found in two main locations, the NASA GHRC 
(https://ghrc.nsstc.nasa.gov/home/) and ARM DOE data discovery 
(https://adc.arm.gov/discovery/#/). The processed snowfall observations, including the retrieved 
mass, can be found on github (https://github.com/dmoisseev/Snow-Retrievals-2014-2015). For 
convenience, some data and the current version of the Algorithm Theoretical Basis Document (at 
the time of submission) is found on the github site 






2.2.4 Particle Size Distribution Parameters 
The precipitation rate for rain can be determined from a measured PSD by 




where 𝑣𝑜𝑙(𝐷+) is the volume of liquid water, 𝑣(𝐷+) is the terminal fall velocity and 𝑁(𝐷+) is the 
number distribution function for particles with a maximum dimension of  𝐷+ −
56'
'
< 	𝐷+ < 𝐷+ +
56'
'
, where	Δ𝐷+ is the bin width and the subscript i indicates the 𝑖78 bin of the measured PSD. The 










where 𝑚(𝐷+) is the mass of the particle with a maximum dimension of 𝐷+ . The bounds of the 
summation for Equation 2.1 and 2.2 are the minimum (𝐷!+,) and maximum (𝐷!-.) trusted size 
bin of the 2DVD, which are 0.2 mm and 10 mm, respectively. If the raindrops are assumed to be 
spherical, then the volume and mass of a raindrop with size 𝐷+ can be substituted into Equations 
2.1 and 2.2 as follows: 






















In reality, raindrops larger than 1 mm are not observed to be spherical (Pruppacher & Klett, 
2010). On average, if 𝑅 and 𝐷! are calculated from the PSDs using a sphere versus a spheroid 
with the axis ratio predicted in Thurai et al. (2007), there is approximately a 10% and 3% 
overestimation of 𝑅 and 𝐷!, respectively (not shown). While this is not a trivial amount of error, 
it is a noted limitation of the work, and assessing the raindrop shape assumption within GPM-DPR 




Under the Rayleigh assumption (generally applicable in S and C-band weather radar 
retrievals) where the wavelength of the radar is much greater than the maximum dimension of the 
particle, the equivalent radar reflectivity factor (𝑍") is given by 
𝑍" = ] 𝐷;	𝑁(𝐷+)	Δ𝐷+
,&'()
+3)	
	 . (2.5) 
Since the GPM-DPR consists of Ku and Ka-band radars, there could be instances in which 
Rayleigh scattering is not a valid assumption. To avoid additional inaccuracies on the wavelength 








where 𝜆 is the radar frequency, |𝐾|' is the dielectric constant (0.93) and 𝜎<=>(𝐷+ , 𝜆) is the 
backscatter cross-section of a spherical raindrop of maximum dimension 𝐷+. The 𝜎<=>(𝐷+ , 𝜆) is 
determined using T-matrix theory (Mishchenko & Travis, 1998) as implemented by the pytmatrix 
python package (Leinonen, 2014). As noted previously, the spherical assumption may not always 
be correct, and assuming a sphere results in an average overestimation of 𝑍" by approximately 6%.   
In order to classify PSD points into convective or stratiform (Section 2.3.1), additional PSD 
parameters are required. One of the additional parameters is the normalized intercept parameter 







where 𝜌: is the density of liquid water and 𝐿𝑊𝐶 is the liquid water content, defined as 
𝐿𝑊𝐶 =	 ] 𝑚(𝐷+)
,&'()
+3)	
𝑁(𝐷+)	Δ𝐷+ 	. (2.8)		 
The last PSD parameter needed is known as the median volume diameter (𝐷)), which, when 
assuming the presence of a gamma size distribution shape, can be written as 
𝐷) =	b
3.67 + 𝜇
4 + 𝜇 d	𝐷!	
(2.9) 
where 𝜇 is the shape parameter of the three-parameter gamma distribution. The relation from 
Williams et al. (2014) between the standard deviation of the mass distribution (𝜎!) and 𝐷! is used 







− 4		, (2.10) 
where 𝜎!'  is defined as 
𝜎!' =






	 . (2.11) 
2.2.5 Snowfall PSD Parameters  
The conversion from a solid precipitation rate to liquid equivalent snowfall rate is 
straightforward and not novel to this study. Equation 1.1 is re-written with 𝑚(𝐷+) and 𝜌:, where 
𝑚(𝐷+) represents the retrieved mass estimate of a particle with 𝐷+ from the PIP,   







Calculating a liquid equivalent 𝐷! is not as direct and not commonly done in the literature. The 
liquid equivalent diameter (𝐷!":7"?')	needs to be considered in Equation 1.2, which if a sphere is 
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The conversion of 𝑁(𝐷+) and Δ𝐷+ to a melted equivalent (e.g., 𝑁(𝐷!":7+); Δ𝐷!":7' 	) is not done 
for the following reason. Consider Figure 2.1, where two sample volumes are depicted: one with 
frozen hydrometeors and the other with the liquid equivalent. If it is assumed that all particles 
within some bin are of the same particle type and that the melted version of the particle forms a 
sphere (i.e., no breakup), then the particles simply translate to smaller, higher density versions of 
themselves. This then preserves the original number of particles, and thus the product of 𝑁(𝐷+)Δ𝐷+ 
is equivalent to 𝑁g𝐷!":7+hΔ𝐷!":7+ ,	and the integrated parameters such as 𝐿𝑊𝐶 and total number 








Figure 2.1: Schematic diagram to illustrate the conversion of the measured solid phase size distribution of particles to 
the liquid equivalent. The box is an instantaneous sample volume, and the particle diagrams are from Eriksson et al. 
(2018). Each number corresponds to the same bin. 
In reality, all particles found in one size bin are probably not the same particle type (e.g., 
same habit, same degree of riming). To account for this, separate PSDs for different habits would 
need to be known. Since the variability of habits and particle densities within each size bin are not 
well known and are difficult to determine, the assumption of a single particle type is used. 
In order to calculate 𝑍" for snowfall, Equation 2.6 is used.  The only change is in how 
𝜎<=>(𝐷+ , 𝜆) is determined. To avoid the issues of underestimating the 𝜎<=>(𝐷+ , 𝜆) when using Mie 
or T-matrix theory at higher operating frequencies (Ka-, W- band; Kneifel et al., 2011), 𝜎<=>(𝐷+ , 𝜆) 
is derived following the technique in Leinonen & Szyrmer (2015). The authors of that work 
simulated several different degrees of rimed aggregates, and their corresponding scattering 
properties were determined from the Discrete Dipole Approximation (DDA; Yurkin & Hoekstra, 
2011). Since particles can have a variety of degrees of riming, and thus a variety of masses with 








where 𝜎<=>(𝐷	+ , 𝜆,𝑚+) is determined from the 𝐷+ and 𝑚(𝐷+) retrieved by the PIP. This is done using 
the kd-tree search algorithm from Scipy (Oliphant, 2007), which efficiently searches the Leinonen 



















method was chosen instead of taking the median or mean over all particles simulated in order to 
allow the natural variability in 𝜎<=>(𝐷	+ , 𝜆,𝑚+) to propagate into the forward calculation of 𝑍". 
2.2.6 GPM-DPR Algorithm  
A complete description of version 6 of the GPM-DPR algorithm can be found in the 
Algorithm Theoretical Basis Document (ATBD, Iguchi et al., 2018). The microphysical basis of 
the algorithm assumes the 𝑅 and 𝐷! are well correlated, and thus a mathematical relation can be 
formulated between the two parameters. Specifically, the relations used to relate 𝑅 and 𝐷! in the 
GPM-DPR algorithm are 
𝑅 = 1.370	𝜖$.'%A𝐷!%.$')	 (2.16)	 
for convective precipitation and 
𝑅 = 0.401𝜖$.;$B𝐷!;.292		 (2.17) 
for stratiform precipitation. In both expressions, 𝜖 is a diagnosed parameter that is constant in the 
atmospheric column and is used to reconcile estimates of path integrated attenuation (PIA) and the 
retrieved PSD parameters. The default value is 𝜖 = 1, but this is logarithmically varied between 
0.2 and 5. The relationship between 𝑍", 𝑅 and 𝐷!  can be calculated with some assumptions about 
the PSD. In the GPM-DPR algorithm, the form of the PSD is assumed to be the normalized three-
parameter (𝑁&;𝐷!; 𝜇) gamma distribution (Testud et al., 2001): 











o . (2.18) 
The 𝜇 parameter in the GPM-DPR algorithm is assumed to be three; thus, the PSD can be 
described using two parameters: 𝑁& and 𝐷!. Equation 2.1 can then be rewritten with the GPM-
DPR assumptions in integral form as 















where 𝑣(𝐷) in the GPM-DPR algorithm follows Gunn & Kinzer (1949) 
𝑣(𝐷) = 4.854	𝐷 exp(−0.195𝐷) . (2.20) 






















where particles are assumed to be spherical and Mie theory is used to determine 𝜎<=>(𝐷+ , 𝜆). Since 
the relation between 𝑅 and 𝐷! is prescribed (Equations 2.16 and 2.17), Equation 2.19 can be 










exp s−(𝜇 + 4)𝐷𝐷!
t 	𝑑𝐷()
. (2.22) 
Then, all parameters needed to calculate 𝑍" for each 𝑅 and 𝐷! pair are known. In order to solve 
the integration of the indefinite integrals (Equations 2.21 and 2.22), quadrature is used. 
Specifically, the Scipy (Oliphant, 2007) quadrature is used, which uses the FORTRAN 
QUADPACK (Piessens et al., 1983) to perform automatic integration. The result of solving for 𝑍" 
is shown in Figure 2.2a, assuming particles are in the liquid phase. Furthermore, the result of 
varying 𝜖 within the 𝑅	 −	𝐷! relation is shown in Figure 2.2b. Effectively, as expected, the 𝑍" 
value increases away from the origin (i.e., larger characteristic sizes and larger precipitation rates). 
 
Figure 2.2: Precipitation rate (𝑅) and mass weighted mean diameter (𝐷.) theoretical diagrams. (a) The default (𝜖=1) 
𝑅 − 𝐷. relation for both convective (solid red line) and stratiform (solid blue line) regimes with the equivalent radar 
reflectivity factor (𝑍/) in logarithmic units (dBZ) is contoured (dashed rainbow lines) assuming rain. The 𝑍/ contours 
are determined using the same assumptions as those in the GPM-DPR algorithm for a range of 𝜖 values. The dashed 
black line is the 12 dBZ, contour which is the GPM-DPR Ku-band minimum sensitivity. (b) Similar to (a), the rainbow 
contours are the 𝑍/, while the other lines are the stratiform relation, but now the 𝜖 parameter is varied. The default 
relation (𝜖 = 1) is in black, while 𝜖 > 1  is in red shades and 𝜖 < 1 is in blue shades. 
The retrieval process can be found in the ATBD (Iguchi et al., 2018) but is described here 
briefly. Assuming that GPM-DPR has an observed profile containing precipitation echoes, the 















structure of 𝑍". This is most simply done by considering if a melting layer can be detected in 𝑍" 
(i.e., radar bright-band). Additional methods are used and can be found in Section 2.3.5 in the 
ATBD (Iguchi et al., 2018). Then, the phase of each radar gate is assigned using temperature 
information from numerical weather prediction and the location of the radar bright-band if present. 
Radar gates found 500 m above the radar bright-band or at temperatures less than 0°C are 
designated as solid phase. The solid phase designation assumes that the particles contained within 
the gate are solid spherical particles with an effective density of 0.1 g cm-3. Radar gates found 
below 500 m of the radar bright-band or temperatures greater than 0°C are designated as liquid 
phase (i.e., spherical with effective densities of 1 g cm-3). After the phase is determined, the 
observed 𝑍" and the initial estimate of 𝜖	(𝜖 = 1) are used to search for where the 𝑅 − 𝐷! relation 
intersects the contoured 𝑍", thus simultaneously retrieving 𝑅 and 𝐷!. Once 𝑅 and 𝐷! are retrieved 
for all radar gates with precipitation echoes, the PIA and Ka-band 𝑍" can be calculated. This 
process is repeated with different values of 𝜖 and the optimal value of 𝜖 is chosen by minimizing 
the difference of the retrieved PIA with the estimated PIA and the retrieved Ka-band 𝑍" with the 
measured Ka-band 𝑍" if available. If only Ku-band 𝑍" is measured, then only the PIA error is used 
in the optimization. For a more complete description of the algorithm, consult the ATBD. 
It should be emphasized that an 𝑅 − 𝐷! relation derived from surface rain observations is 
used for the entire atmospheric column, regardless of whether the gates are identified to contain 
ice or snow. The only differences between the solid phase retrieval and the liquid phase retrieval 
is the complex index of refraction needed for the determination of 𝜎(𝐷, 𝜆),	the 𝑣(𝐷) and a slightly 
modified version of Equation 2.18 (ATBD page 68). To the authors' knowledge, the effect of using 
the rain 𝑅 − 𝐷! relation on snow has not been investigated. It is hypothesized here that the use of 
a rainfall relation in snowfall retrieval could potentially account for the large low bias reported in 











2.3 Results  
2.3.1 Rainfall  
 
 
Figure 2.3: Investigating the relationship between 𝑅	and 𝐷. from all the ground-based 2DVD disdrometers in rain. 
(a) Counts of observations on the 𝑅 − 𝐷. plane normalized by the total number of observations and converted to 
percentages. Only bins with at least 10 observations are shown. The same relations of 𝑅 − 𝐷.  and the minimum 
sensitivity from Figure 2.2a are shown for reference. (b) Same data as (a), but the data are normalized to the total 
number of observations in each bin of 𝑅. A value near one implies that it is near the mode of observations in that bin 
of 𝑅. (c) Same 2D histogram as (a), but colored by the bin median value of Ku-band calculated 𝑍/ from the PSD 
assuming spheres and using Tmatrix. 
The GPM-DPR algorithm documentation is not explicit regarding the origin of the 𝑅 − 𝐷! 
relation, but it can be found in Seto & Kinoshita (2015). In that work, it was noted that the 𝑅 − 𝐷! 
relations were derived using the methodology in Kozu et al. (2009) on a limited disdrometer dataset 
that would be tested on more PSD observations in future work. It is noted that the data used in 
Kozu et al. (2009) are derived from an impact disdrometer described in Joss & Waldvogel (1967), 
which has been shown to potentially undercount small and large drops relative to the 2DVD (e.g., 
Tokay et al., 2002). In order to assist in these efforts, an investigation of the 𝑅 − 𝐷! relationship 
in rainfall is conducted here. The 2DVD dataset provides an opportunity to evaluate whether the 
𝑅 − 𝐷! relation used in the GPM-DPR algorithm is general enough to apply to PSDs applicable 
to global precipitation measurements. All PSD data from the 2DVDs measured in rain are 
considered in a bulk sense in Figure 2.3, without separation into convective or stratiform regimes. 
The 2D histogram of the density of observations (Figure 2.3a) shows that the majority of points 
follow the general shape of the 𝑅 − 𝐷!	relations and lie between the convective stratiform curves 
for 𝜖 = 1 (Figure 2.3a, red and blue curves). The mode of all the 𝑅 − 𝐷! observations (Figure 
2.3b), also lies between the convective stratiform relations, with it being centered on the stratiform 





with expectation that convective rainfall generally produces larger 𝑅 and larger 𝐷!. The 
relationship with Ku-band 𝑍" is shown in Figure 2.3c, where 𝑍" increases with increasing 𝑅 and 
𝐷!. Overall, the 2DVD observations collected around the world support the use of the 𝑅 − 𝐷! 
relation in retrievals of rainfall and are consistent with the current 𝑅 − 𝐷! framework used within 
the GPM-DPR algorithm. 
Since the Ku-band 𝑍" is calculated for each raining PSD, the retrieval of PSD parameters 
using the GPM-DPR microphysical assumptions (Section 2.2.3) can be emulated as if they were 
observed radar reflectivity values. This is done by using the relations illustrated in Figure 2.2a 
(𝜖 = 1). Then, for each raining PSD, the calculated 𝑍" can be used to retrieve 𝑅 and 𝐷!. Using 
these retrieved 𝑅 and 𝐷! values, error metrics can be derived by comparing the retrieved values 
to the calculated values from the PSD. Specifically, the mean absolute error (𝑀𝐴𝐸), mean absolute 
percent error (𝑀𝐴𝑃𝐸), mean bias percentage (𝑀𝐵𝑃) and root mean squared error (𝑅𝑀𝑆𝐸) are 
used, which are formulated as follows: 
𝑀𝐴𝐸 =]z𝑥E' − 𝑥>'z
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where 𝑥E'is the 𝑖
78 retrieved value and 𝑥>+ is the 𝑖
78 calculated value. The calculation of the 
aforementioned error metrics for the entire 2DVD dataset is found in Table 2.2. Without the 
classification of the PSDs (i.e., convective or stratiform), the error is 40-50% and 20-30% for 𝑅 







Table 2.2: Error statistics for the entire 2DVD dataset. MAE: mean absolute error; MAPE: mean absolute percentage 
error; MBP: mean bias percentage; RMSE: root mean square error. 
 
From Figure 2.3, it is not immediately apparent that there should be two distinct 𝑅 − 𝐷! 
relations. To assess if two relations should be used, a convective-stratiform partitioning of the data 
could be used. Since thermodynamic profiles are unavailable for all raining instances in the 
database and reanalysis would likely struggle to diagnose the observed buoyancy on the spatial 
and temporal scale needed to diagnose convection, there is no way to categorize the data based on 
thermodynamic variables, and coincident radar data are not available to perform a radar-based 
separation (e.g., Steiner et al., 1995). Thus, the only viable way to categorize the data into 
convective and stratiform regimes is to use relationships derived from the PSD parameters 
themselves, such as the relationship between		𝑁& and 𝐷)	as used in Bringi et al. (2009), Thompson 
et al. (2015) and Dolan et al. (2018). In Bringi et al. (2009), the authors showed that PSDs with a 
log(𝑁&)	greater than that given by the expression 
log(𝑁&) = −1.6𝐷) + 6.3	 (2.27) 
were diagnosed as convectively produced, while PSDs with log	(𝑁&) less than Equation 2.27 were 
produced by stratiform vertical motions. In Thompson et al. (2015), the authors continued this 
work and added an additional constraint for weak convective instances, stating that log(𝑁&) > 
3.85 corresponds to convective and log(𝑁&) < 3.85 to stratiform regions; however, the work 
presented in Dolan et al. (2018) noted that a convective-stratiform separation based solely on 𝑁& 
may only apply in warm-rain-dominated convection over tropical oceans. In Dolan et al. (2018), 
the authors used Empirical Orthogonal Functions (EOF) to diagnose stratiform and convective rain 
and created polygons enclosing the relevant regions on the 𝑁& − 𝐷) plane.  Here, the polygons in 
that work are used to determine the classification (Figure 2.4a). The result of separating the 





Figure 2.4: Convective-stratiform partitioning based on PSD parameters. (a) Normalized intercept parameter (𝑁#) 
median volume diameter (𝐷0) plane of all raining PSDs. The red points are labeled as convective and blue are labeled 
as stratiform based on the classification in Dolan et al. (2018). The polygons from Dolan et al. (2018) are drawn in 
solid blue (stratiform) and dashed red (convective). (b) Same as Figure 2.3a, but with the separated categories. Red is 
convective, blue is stratiform. The lighter the color, the higher the density of points. (c) Same as Figure 2.3b, but with 
the separated categories. Colors are the same as (b). 
The observations show a clear separation, with the convective-labeled points closer to the 
convective 𝑅 − 𝐷! relation, while the stratiform-labeled points are indeed closer to the stratiform 
𝑅 − 𝐷! relation (Figure 2.4b). Similarly, the convective and stratiform 𝑅 − 𝐷! relations lie close 
to the mode of their respective classified points (Figure 2.4c). The same error metrics from Table 
2.2 are recalculated for the category-specific data and shown in Table 2.3. All metrics improve by 
sub-setting the data, except for the convective rainfall rate retrieval. This is likely a result of most 
of the points being located at a smaller 𝑅 than the 𝑅 − 𝐷! relation, centered around 𝐷! = 1.2 mm 
for the convective labeling. However, the 𝑀𝐴𝑃𝐸 is similar, at 43% and 47% for the “not classified” 
and “classified” data, respectively. 
 









Figure 2.5: As in Figure 2.3, but now for the snowfall PSDs collected in Finland. The x and y axis are in their liquid 
equivalent values (see Section 2.2.2) (a) Counts of observations on the 𝑅 − 𝐷. plane normalized by the total number 
of observations and converted to percentages. The same relations of 𝑅 − 𝐷. Figure 2.2a are shown for reference. (b) 
Same data as (a), but the data are normalized to the total number of observations in each bin of 𝑅. A value near one 
implies that it is near the mode of observations in that bin of 𝑅. (c) Same 2D histogram as (a), but colored by the bin 
median value of Ku-band calculated 𝑍/ from the PSD using the method described in Section 2.2.2. 
In this section, the entirety of the snowfall PSDs observed in Finland are analyzed in the 
same bulk way that was done for the rainfall results presented above. Figure 2.5 shows the results 
of calculating the liquid equivalent 𝑅 and liquid equivalent 𝐷! from the snowfall PSDs. The 
highest density of observations is found at a smaller 𝐷! and larger 𝑅 than prescribed by the 𝑅 −
𝐷! relation with 𝜖 = 1 (Figure 2.5a). Furthermore, the ranges of both 𝑅 and 𝐷! in snow (Figure 
2.5) are less than that of rainfall (Figure 2.3). The mode of the snowfall distribution is closest to 
the stratiform curve for 0.5 mm < 𝐷! < 0.75 mm but then deviates from both empirical relations 
at a larger 𝐷! (Figure 2.5b). The calculated Ku-band 𝑍" (Figure 2.5c) increases with increasing 𝑅 
and 𝐷!, similar to the rainfall data analysis shown above. The snowfall PSD observations from 
Finland suggest that the 𝑅 − 𝐷! relationship with 𝜖 = 1 does not fit well and could be a large 
source of error in the algorithm. 
In order to quantify error in the same manner as before, the GPM-DPR algorithm is 
emulated, but now using the solid phase assumptions. The retrieval metrics are shown in Table 
2.4. There are errors of 77% and 49% for the retrieval of R using the stratiform and convective 
relation, respectively. This is a +47% increase in error when compared to the stratiform relation 
and stratiform-classified PSDs in rain. The error for the retrieval of 𝐷! is not as large as the 






Table 2.4: Error metrics from the snowfall data measured in Finland 
 
One potential way to improve retrievals could be to fit new coefficients to Equations 2.16 
and 2.17, but the snowfall PSD data suggest that an 𝑅 − 𝐷! framework may not be advantageous 
for retrievals in snowfall because of the lack of correlation between log(𝑅) and 𝐷! (Table 2.5). 
Snowfall PSDs have a correlation value of 0.29, which is approximately half of the correlation 
value derived from rain, at 0.61. The poor correlation in snow persists regardless of whether the 
conversion of 𝐷! to liquid equivalent is considered (Table 2.5). Thus, even fitting new coefficients 
to Equations 2.16 and 2.17 might not result in optimal snowfall property retrieval. 
 
Table 2.5: Pearson 𝜌 correlation values between 𝑙𝑜𝑔(𝑅) and 𝐷. for the entire rain dataset and the snowfall 
measurements in Finland.  
 
2.3.3 Investigation of Poor Correlation between 𝑅 and 𝐷! in Snowfall 
Two hypotheses are formulated to explain the poor correlation between 𝑅 and 𝐷! in snow. 
One hypothesis is that the velocity-diameter relation and its natural variability in snow causes a 
reduction in the correlation between 𝑅 and 𝐷!. The second hypothesis is that the mass-diameter 
relation of snow and its natural variability causes a reduction in the correlation between 𝑅 and 𝐷!. 




calculation of 𝑅 and 𝐷! in rain. The goal of replacing the velocity and mass relations in this way 
is to test the sensitivity of the correlation of 𝑅 and 𝐷! and whether the poor 𝑅 − 𝐷!  correlation 
in snow can be reproduced by the rain dataset. The snowfall speed and mass relations are derived 
from the PIP snowfall observations, where the particle’s observed maximum dimension is related 
to fall velocity and mass. The mean fall velocity and mass for the entire dataset is shown in Figure 
6 (blue) alongside the default assumptions for the rainfall (red) and some parameterizations from 
previous studies (black; Brandes et al., 2008; Heymsfield et al., 2004). In order to test the first 
hypothesis, the fall velocity (e.g., 𝑣(𝐷+) in Equation 2.1) is sampled from a normal distribution 
with a mean and standard deviation of that in snow; in other words, the fall velocity at any diameter 
𝐷+ is randomly sampled from the normal distribution with the mean and standard deviation 
determined from the data in Figure 2.6a.  Similarly, in order to test the second hypothesis, the mass 
(e.g., 𝑚(𝐷+) in Equations 2.1 and 2.2) is sampled from the mean and standard deviation of snow 
particle masses. 
 
Figure 2.6: Fall speed and mass diameter relations for rain and snow. (a) Particle fall velocity for rain (red) determined 
by the empirical relation from Beard (1976). Mean (blue centerline) and one standard deviation (blue bars) particle 
fall velocity for snow measured by the PIP and the predicted fall velocity at -1°C from Brandes et al. 2008 (black). (b) 
Particle mass for rain (red) determined by assuming a spherical shape. Particle mass for snow as retrieved from the 
PIP and predicted by the relation in Heymsfield et al. (2004). 
For these tests, the following substitutions are made: replace 𝑣(𝐷+), replace 𝑚(𝐷+) and 
replace both 𝑣(𝐷+) and 𝑚(𝐷+). The results of these three experiments are shown in Figure 2.7, and 





in a 0.08 reduction in the correlation compared to the original rainfall analysis (𝜌 = 0.61; Figure 
2.3a). As expected, there is a reduction in the magnitude of 𝑅 since the fall velocity magnitude has 
been decreased and 𝐷! has remained the same because 𝐷! is not a function of 𝑣(𝐷+) (Figure 2.7a). 
Substituting the mass relation results in a much larger magnitude reduction in the correlations 
(−0.41), yielding similar correlation values (0.2) to those found from the snowfall data. Figure 
2.7b shows that there is now not only a reduction in the magnitude of 𝑅 but also in 𝐷!. Finally, 
replacing both relations results in the same correlation as swapping the 𝑚(𝐷+). It should be noted 
that the experiments shown in Figure 2.7 are applied separately and randomly (i.e., through the 
normal distribution) despite knowing that the 𝑚(𝐷+) is not mutually exclusive from 𝑣(𝐷+)  (e.g., 
more massive particles fall faster, absence of drag). Thus, these experiments are likely missing the 
co-variability between 𝑣(𝐷+) and 𝑚(𝐷+) that could improve the calculated correlation values. 
 
 
Figure 2.7: Recalculating 𝑅 and 𝐷. for rain using measured snowfall relationships. (a) Difference in the normalized 
counts between the new calculation of 𝑅 and 𝐷. using the measured snowfall velocity relationship (shown in Figure 
2.6a) and the original calculation (same as Figure 2.3a). (b) Same as (a), but with 𝑅 and 𝐷. calculated with the 
measured snow mass relation (shown in Figure 2.6b). (c) Same as in (a) but using both the snowfall velocity 
relationship and the snow mass relationship.  
 













Figure 2.8: Investigating the variance of the correlation between 𝑅 and 𝐷. with various 𝑎 and 𝑏 values in the 
calculation of mass (𝑚(𝐷) 	= 𝑎	𝐷1). (a) No variability in Equation 2.28 is used. The hexagon is the fit 𝑎 and 𝑏 values 
to the entirety of the Finland snowfall data, while the circle is the values for a liquid sphere. (b) Same as (a), but now 
the mass is randomly sampled from a normal distribution with the mean predicted by Equation 2.28 and the standard 
deviation given from the observations shown in Figure 2.6b. 
Substituting the mean mass relation from the PIP observations above is effectively using 
one 𝑎 and 𝑏 value in the common parameterization of ice particle mass: 
𝑚(𝐷) = 𝑎	𝐷<	. (2.28) 
The effective curve fit values of 𝑎 and 𝑏 from all the snowfall data presented here are 0.1 g cm-b 
and 2.58, respectively, determined by the Scipy (Oliphant, 2007) curve fit method. In order to 
determine how the correlation varies across a wide range of possible 𝑎 and 𝑏, the formulation for 
mass from Equation 2.28 is adopted, but 𝑎 and 𝑏 are systematically varied when inserted into 
Equation 2.1 and Equation 2.2. It should be noted that typical values of 𝑎 and 𝑏 in ice and snow 
are 10-3 g cm-b ≤ 𝑎 ≤  10-1 g cm-b and 1 ≤ 	𝑏 ≤ 3, respectively (Finlon et al., 2019). The fall 
velocity relation used here is the same as the original rainfall analysis (Beard, 1976). First, the 
result allowing no variability in the mass (i.e., the mass is exactly prescribed by Equation 2.28) is 
investigated (Figure 2.8a) and shows that the correlation between 𝑅 and 𝐷! is only a function of 
𝑏, which can be expected, as the 𝑎 parameter will cancel out in Equation 2.2. Note that the 
magnitude of the correlation for the fits 𝑎 and 𝑏 for the snowfall data, which is between 0.55 and 
0.575, is much larger than that reported in Figure 2.7b (0.20). This shows that the magnitude of 





variability of mass for any particle size determines the correlation between 𝑅 and 𝐷!. To illustrate 
this further, the 𝑎 and 𝑏 values are systematically varied again, but now the natural variability in 
hydrometeor mass is added in a similar to that done previously by sampling a normal distribution 
with the mean predicted using Equation 2.28 and the standard deviation determined by the snowfall 
observations (Figure 2.6b). The results are shown in Figure 2.8b and show that, for larger 𝑎 values 
(𝑎 ≥	0.75 g cm-b) a similar relationship to Figure 2.8a is found. But for small 𝑎 values, where 
many empirical fits for snow and ice have been found (10-3 g cm-b ≤	 𝑎 ≤  10-1   g cm-b and 1 ≤
𝑏 ≤ 3; see Figure 1 in Finlon et al., 2019) the correlation is low for any value of 𝑏. Thus, for a 
majority of ice and snow, it is likely that the correlation between 𝑅 and 𝐷! is poor. Doing the 
same type of analysis on the snowfall PSDs (e.g., removing the natural variability and replacing it 
with the rainfall relations) resulted in improved correlations between 𝑅 and 𝐷! to about 0.5, which 
is the same value achieved for rain with static 𝑎 and 𝑏 values (Figure 2.8a). 
 
2.4 Conclusions 
Since being launched in 2014, the Global Precipitation Measurement (GPM) Dual-
Frequency Precipitation Radar (DPR) has collected copious equivalent radar reflectivity factor 
(𝑍") measurements of both rain and snow. Microphysical parameters of interest, such as the 
precipitation rate (𝑅) and mass weighted mean diameter (𝐷!), are retrieved and published. An 
evaluation of 𝑅 retrieved for snowfall by GPM-DPR reported the current status of the GPM-DPR 
algorithm, showing an approximately 50% low bias on the global mean snowfall rate compared to 
CloudSat (Skofronick-Jackson et al., 2019). In order to investigate the potential causes of this low 
bias, the main microphysical assumption that the particle size distribution (PSD) follows an 𝑅 −
𝐷! relation was evaluated. 
The principal conclusions are as follows:   
1) Assuming that raindrops are spherical, ground-based 2D-video disdrometer measurements of 
rainfall from various geographic locations show good agreement with the current GPM-DPR 
algorithm framework, with the majority of observations being found near the prescribed 
GPM-DPR relation and a Pearson-𝜌 correlation coefficient of 0.61 between log	(𝑅) and 𝐷! 
(Figure 2.3, Table 2.5) 
2) The classification of PSDs as convective or stratiform according to the method in Dolan et 




diameter (𝐷))) is consistent with and supports the use of two separate 𝑅 − 𝐷! relations for 
each rainfall class, as they reduce error compared with the use of a single 𝑅 − 𝐷!  relation 
(Figure 2.4; Table 2.3). 
3) Ground-based Precipitation Imaging Probe measurements of snowfall in Finland do not show 
the same consistency as the 𝑅 − 𝐷! retrieval framework compared to rainfall. The error using 
the GPM-DPR stratiform relation is much larger (+ 47% comparing Table 2.3 to Table 2.4) 
and the Pearson-𝜌 correlation between  log(𝑅) and 𝐷! is considerably lower (Pearson-𝜌= 
0.29; Figure 2.5; Table 2.5).  
4) The variability in the mass of particles with a similar maximum dimension likely causes most 
of the poor correlation between 𝑅 and 𝐷! in snow (Figures 2.7 and 2.8). 
The analysis provided here suggests that the use of an 𝑅 − 𝐷!  relation derived in rain is 
inappropriate for use in snowfall. A potential alternative is to default to old techniques for deriving 
snowfall rate, such as the power-law fit between 𝑍" and 𝑅. While there can be an order of 
magnitude of uncertainty on single frequency 𝑍" − 𝑅 relations depending on the assumed particle 
type (Hiley et al., 2011), this is more physically based than the current GPM-DPR algorithm 
(version 6) in snowfall. One advantage that GPM-DPR has over its predecessors is a second 
operating frequency (Ka-band). Having a second frequency should allow for improved retrieval 
results compared to a single frequency, as shown by Leinonen et al. (2018). As a potential avenue 
for retrieving 𝑅 and 𝐷!, the authors are pursuing the use of neural networks to allow for an 
unsupervised approach to retrieve snowfall parameters. This was done first in Sekelsky et al. 
(1999) but deserves renewed investigation since machine learning methods have improved and 
new multiple frequency datasets exist for retrieval implementation and evaluation (e.g., 






A Dual-Frequency Radar Retrieval of Two Parameters of the Snowfall 
Particle Size Distribution using a Neural Network  
 
3.1 Introduction  
Despite being confined to high latitudes and altitudes when occurring at the surface, snow 
can be related to approximately 50% by number (Field & Heymsfield, 2015) and approximately 
60% by mass accumulation (Heymsfield et al., 2020) of all precipitation across cold and warm 
climates. Thus, the accurate retrieval of snow properties are required for an accurate quantification 
of the hydrologic cycle. Furthermore, the quantitative retrieval of snowfall properties is invaluable 
for the evaluation of atmospheric numerical model simulations and their parameterized ice phase 
microphysics (e.g., Delanoë et al., 2011; Ori et al., 2020; Stein et al., 2015). Despite many advances 
in satellite remote sensing techniques and sensors in the past few decades, the uncertainty in the 
estimate of the atmosphere’s ice water path remains large and there is poor agreement between 
observational retrievals and numerical models (e.g., Duncan & Eriksson, 2018). 
The best way to retrieve global snowfall properties is to use spaceborne microwave radars 
since ground-based observations are limited to easily accessible locations and passive spaceborne 
sensors have additional ambiguity in determining the vertical distribution of hydrometeors. 
Currently, there exists two NASA missions with spaceborne radars designed to sample 
hydrometeors. The first mission, launched in 2006, is CloudSat (Stephens et al., 2002), which 
consists of a highly sensitive 94 GHz non-scanning cloud radar in an 98° inclination orbit. The 
second mission, starting in 2014, is the Global Precipitation Measurement mission (GPM; Hou et 
al., 2014) which operates the Dual-frequency Precipitation Radar (DPR; 13.5 and 35.5 GHz) in a 
65° inclination orbit. Both satellites have collected observations of equivalent radar reflectivity 
factor 𝑍" in a variety of snowfall over their missions. 
In order to retrieve snowfall properties, namely snowfall rate (𝑆), the most common method 
has been the use of a prescribed power-law relation between 𝑍" and 𝑆 taking the form 
𝑍" = 𝛼	𝑆	# . (3.1) 
The parameters in Equation 1, 𝛼 and 𝛽 , are typically derived from direct comparisons of observed 
𝑍" and 𝑆 (e.g., Boucher & Wieler, 1985; Fujiyoshi et al., 1990; Langille & Thain, 1951), theoretical 




(Matrosov, 1992; von Lerber et al., 2017). The direct comparison of observed 𝑍" and 𝑆 is sensitive 
to the radar’s calibration and operating frequency, as well as intrinsic particle properties including 
the large observed variability in particle size distributions, crystal habits, and degrees of riming, 
making it difficult to find a relation that can be applied universally. The use of theoretical scattering 
models (e.g., Mie theory; T-Matrix; Discrete Dipole Approximation) are largely dependent on the 
microphysical assumptions made within them, leading uncertainties in the estimate of 𝑆 up to a 
factor of 10 (Hiley et al., 2011). Thus, it should be clear that in order to improve the estimate of 
global snowfall properties, methods beyond using a single standard power-law fit must be 
explored. 
Currently, the operational retrieval method used in CloudSat uses optimal estimation 
(Rodgers, 2000), where the observed 𝑍" and a priori constraints are used to retrieve snowfall 
properties (Wood & L’Ecuyer, 2020; Wood et al., 2013). Since this method has shown good 
agreement with ground-based radar retrievals in the United States (Cao et al., 2014; S. Chen et al., 
2016), Sweden (Norin et al., 2015) and Antarctica (Souverijns et al., 2018), CloudSat is currently 
considered the best estimate of global snowfall properties and has been used in numerous snowfall 
investigations (e.g., Kulie et al., 2016, 2020; Kulie & Milani, 2018; Milani et al., 2018; Palerme 
et al., 2014, 2017). The uncertainty in CloudSat’s retrieval of 𝑆 has improved with the optimal 
estimation technique compared to a single power-law fit, although the retrieval has nontrivial 
uncertainties estimated to be between 50% (Palerme et al., 2014) and 160% (Kulie et al., 2020). 
In order to retrieve snowfall properties from GPM-DPR, an algorithm is used that 
prescribes a relation between the precipitation rate, mass weighted mean diameter (𝐷!) and 𝑍" to 
simultaneously retrieve the properties of hydrometeors regardless of phase (Iguchi et al., 2018; 
Kozu et al., 2009). Direct comparisons between GPM-DPR snowfall retrievals and surface-based 
references have yet to be conducted, but the snowfall retrievals have still been used to investigate 
the global distribution of snowfall (e.g., Adhikari et al., 2018; Adhikari & Liu, 2019). However, a 
comparison using CloudSat as a reference has shown that GPM-DPR’s retrieval of global average 
snowfall rate is underestimated by approximately 43% even after considering measurement 
differences between CloudSat and GPM-DPR (Skofronick-Jackson et al., 2019). Furthermore, an 
investigation of the GPM-DPR retrieval microphysical assumptions by Chase et al. (2020) showed 
that the current GPM-DPR algorithm is likely inappropriate for snowfall retrievals and thus other 




One alternative retrieval method for GPM-DPR is to adopt the same optimal estimation 
technique as CloudSat but at GPM-DPR frequencies. This has been shown to work well for triple-
frequency observations from field campaigns (Grecu et al., 2018; Leinonen et al., 2018; Tridon et 
al., 2019) and could potentially be applied to dual-frequency. A second method, explored in this 
manuscript, would be to use an artificial neural network (NN) to retrieve snowfall properties. 
Neural networks have been widely used in remote sensing (Mas & Flores, 2008), including 
the classification of clouds from passive satellite irradiances (e.g., Key et al., 1989) as well as the 
retrieval of snowfall properties (e.g., Sekelsky et al., 1999; Xiao et al., 1998). Xiao et al. (1998) 
trained several NNs using the vertical column of single frequency radar measurements and ground 
based measured snowfall accumulations, showing that the NN can perform better than the standard 
power-law approach. In Sekelsky et al. (1999), a NN was trained on scattering simulations 
produced by a T-matrix code (Mishchenko & Travis, 1998) at 3-frequencies (S-, Ka-, and W-band) 
and a range of theoretical negative exponential distributions of particles in order to retrieve the 
volume weighted mean diameter (𝐷)) and the negative exponential intercept parameter (𝑁)). Since 
the study by Sekelsky et al. (1999), comparisons with more accurate numerical modeling of ice 
particle scattering, namely the Discrete Dipole Approximation (DDA; Yurkin & Hoekstra, 2011), 
have shown that T-matrix predicted scattering properties cannot fully reproduce 94 GHz scattering 
properties of aggregates (S. Kneifel et al., 2011). Furthermore, the results from Sekelsky et al. 
(1999) were never evaluated against observations and thus the uncertainties of the retrieval are 
unquantified and unknown. Both Xiao et al. (1998) and Sekelsky et al. (1999) show that NNs 
contain potential for accurate retrievals of snowfall properties. Thus, a renewed investigation of 
NNs with the latest results from scattering models and ice particle observations (i.e., in-situ and 
radar) is motivated. 
Here, a NN for retrieving two parameters of the normalized gamma distribution (Delanoë 
et al., 2014; Testud et al., 2001), namely the normalized intercept parameter (𝑁&) and the mass 
weighted mean diameter (𝐷!), from radar observables and temperature is trained. Specifically, 
scattering results from numerous DDA and Generalized Multiparticle Mie method (GMM; (Xu, 
1995b) simulations of a wide variety of unrimed particle types are used in conjunction with 
measured PSDs from NASA field campaigns to synthesize a database of snowfall properties and 
their associated 𝑍" at GPM-DPR frequencies. This database is then used to train a NN for the 




well as an estimate of the current GPM-DPR retrieval. Then the NN retrieval is evaluated on 
coincident observations of 𝑍" and in-situ snow properties from three case studies obtained from 
NASA Ground Validation campaigns. The paper is structured as follows: Section 3.2 describes 
that data used in this study and how the synthetic database is generated. Section 3.3 contains the 
results of the evaluation of the retrievals on the synthetic database as well as three case studies. 
Section 3.4 discusses how the NN retrieval compares to the operational GPM-DPR algorithm and 
how it could be implemented on the GPM-DPR record. Section 3.5 summarizes the results and 
conclusions. 
 
3.2 Data and Methods  
3.2.1 Description of PSD Parameters  
The features used for retrieving 𝑁& and 𝐷! within the NN are 𝑍" at Ku-band, dual-
frequency ratio (𝐷𝐹𝑅FG0F-) and temperature (𝑇). Using in-situ aircraft observations of PSDs 








where 𝜆 is the radar wavelength, |𝐾|' is the dielectric factor (0.93,0.92 for Ku- and Ka-band, 
respectively), 𝜎<=>(𝐷+ , 𝜆) is the backscatter cross-section and 𝑁(𝐷+) is the number distribution 
function for particles with maximum dimension of 𝐷+. The 𝑖 subscript indicate the 𝑖78 bin of the 
PSD and Δ𝐷+ is the bin width of the 𝑖78 bin. The 𝐷𝐹𝑅FG0F- is defined as the ratio of 𝑍" at Ku-
band (𝑍",FG) to 𝑍" at Ka-band (𝑍",F-): 




The output targets for the retrieval are adapted versions of the three-parameter normalized 
gamma distribution (Testud et al. 2001, Delanoe et al. 2014). Specifically, the solid phase mass 
weighted mean diameter (𝐷!)), the liquid equivalent mass weighted mean diameter (𝐷!2) and the 
liquid equivalent normalized intercept parameter (𝑁&:). Adapted versions of the normalized 
gamma distribution are used to supply consistency with the current GPM-DPR retrieval that 












where 𝑚(𝐷+) is the mass of a particle with maximum dimension 𝐷+. The actual assumption of the 
mass of each particle is discussed more in Section 3.2.5 and 3.2.7. To calculate 𝐷!:, the liquid 














		 . (3.6) 
(Chase et al., 2020) provides more details and justification for Equation 3.6. The liquid equivalent 
normalized intercept parameter is defined following Delanoë et al. (2014), except using the 
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The retrieval of 𝑆 was not performed herein because of the added uncertainty from the myriad of 
particle terminal fall velocities associated with snowfall, but one could calculate 𝑆 with the 
retrieved 𝐷!: and 𝑁&2, assuming a value for 𝜇 (shape parameter in the 3-paramater gamma 
distribution; guidance on the distribution of 𝜇 from GCPEX is found in Borque et al. 2019) and 
assuming values for the terminal fall velocity as a function of 𝐷+. Furthermore, there is no current 









3.2.2 DDA-GMM Database 
 
Figure 3.1: Combination of all DDA/GMM particles simulated from studies mentioned in Section 3.2.2. Each dot 
represents an individual particle that has had its scattering properties simulated. (a) Ku-band backscatter cross-section 
(𝜎134; dots). The interquartile range (IQR) and median are shown in the black shading and black line, respectively. 
Rainbow curves are the 𝜎134 as predicted from T-matrix (Mishchenko and Travis 1998) using pyTmatrix (Leinonen 
2014). The particles are oblate spheroids with axis ratios of 0.6 and 0° incidence angle with the mass predicted by the 
mass-dimension relations from Leinonen & Szrymer (2015). Cool colors indicate less riming, warm colors indicate 
more riming (see the colorbar in subplot b). (b) same as (a), but for Ka-band. (c) The mass of all DDA/GMM particles 
as a function of particle maximum dimension (𝐷5). Rainbow lines are the mass-dimension power-law fits from 
Leinonen & Szrymer (2015) for various degrees of riming. The solid black line with annotation is the mass-dimension 
power-law fit to the DDA/GMM database of the form Equation 3.9. The 𝑎 and 𝑏 coefficients for the new power law 
fit are 0.042 and 2.04, respectively (in SI units). 
The results of numerous investigations of snowfall scattering of unrimed crystals at 
microwave wavelengths (Eriksson et al., 2018; Kuo et al., 2016; Leinonen & Moisseev, 2015; 
Leinonen & Szyrmer, 2015; Lu et al., 2016) are combined into a single database. Particle habits 
within these studies include pristine monomer shapes that occur in the atmosphere such as bullet 
rosettes, dendrites, plates, columns and different aggregates consisting of these habits. The range 
of 𝐷+ within the combined dataset is from 13 µm to 6.3 cm. The dependence of 𝜎<=> on mass (𝑚) 
for the Ku- and Ka-bands and dependence of 𝑚 on 𝐷+ for all particles used in the database are 
shown in Figure 3.1a, 3.1b, and 3.1c, respectively. Interestingly, even though only unrimed 
particles are included, a power-law fit between 𝑚 and 𝐷+ to the amalgamation of all particles results 
in similar power-law relationship of moderately rimed particles reported in Leinonen & Szyrmer 
(2015). 
3.2.3 NASA Ground Validation Observations  
Observations collected as part of the NASA Ground Validation (GV) field campaigns 
(Petersen et al., 2020) were used in both the formulation of the NN and its evaluation. The 
formulation of the NN requires a large dataset of the three aforementioned input features (𝑍", 






the University of North Dakota’s Citation Aircraft (Delene et al., 2019) during the Midlatitude 
Continental Convective Clouds Experiment (MC3E; Jensen et al., 2016) the GPM Cold Season 
Precipitation Experiment (GCPEX; Skofronick-Jackson et al., 2015) and the Olympic Mountains 
Experiment (OLYMPEX; Houze et al., 2017) are used here. The 𝑁(𝐷+) is derived from 
measurements by two optical array probes (OAP) that capture silhouetted images of cloud and 
precipitation particles. In MC3E, the 2-dimensional cloud probe (2DC) and the high-volume 
precipitation spectrometer version 3 (HVPS3) were used for 𝑁(𝐷+) between 175  µm - 1 mm and 
1 mm - 3 cm size ranges, respectively. In GCPEX, the cloud imaging probe (CIP) and the HVPS3 
were used while for OLYMPEX the 2-dimensional stereo probe (2DS) and the HVPS3 were used 
for the same size ranges as MC3E, respectively. All OAP data were processed using the University 
of Illinois-University of Oklahoma Optical array Probe Software (UIOOPS; Jackson et al., 2014; 
McFarquhar et al., 2017) to remove shattered artifacts and reconstruct both hollow images and 
images of particles whose edges touched one of the sides of the photodiode array. The 1s PSDs 
were then averaged to 10s to allow for better sampling statistics of large particles (McFarquhar et 
al., 2007) and to have similar horizontal spatial scales to that of the airborne radar. 
 In order to evaluate the trained retrieval, dual-frequency radar measurements collected by 
the Airborne Precipitation Radar (APR) versions 2 and 3 were used. The APR is a scanning radar 
that collects beam matched measurements of 𝑍" at 13.4 and 35.6 GHz (Ku- and Ka-band) ± 25° 
from nadir through 24 scans (Durden et al., 2019; Sadowy et al., 2003). The nominal vertical 
resolution of the radar is 30 m while the along track resolution is approximately 1 km. The APR 
was flown on NASA’s DC8 aircraft that flew mostly constant altitude flight legs above 
precipitation echoes. The APR version 2 was used in GCPEX and had a nominal sensitivity of 0 
dBZ and -20 dBZ for the Ku-band and Ka-band, respectively while the APR version 3 was used 
in OLYMPEX with a sensitivity of 10 dBZ and -20 dBZ for Ku-band and Ka-band, respectively. 
The only difference between versions 2 and 3 was the addition of 94 GHz (W-band) measurements 
in the APR version 3. Since this work is GPM-DPR centric and attenuation from snowfall at W-
band is non-trivial, up to 1dB km-1 whereas at Ku- and Ka- band are estimated to be around 0.1 
dB km-1 or less (S. Kneifel et al., 2011), only the Ku- and Ka-band reflectivities are used. 
In order to ensure correct absolute calibration of the radars, the Ku-band radar is calibrated 
by considering surface echoes of a water body in non-precipitating conditions (GCPEX: Lake 




calibrated against the Ku-band by considering low reflectivity regions of the echoes where there 
is likely scattering in the Rayleigh regime (Durden et al., 2019). The uncertainty in this calibration 
is estimated to be approximately 1 dB for Ku- and Ka-band. 
Several steps of processing of the APR data are required before its use in the retrieval. 
While attenuation from O' and H'O vapor is small, they are corrected for using the gaspl package 
in Matlab (Radiocommunication Sector of International Telecommunication Union 2013) and a 
thermodynamic sounding collected near the time of the radar data collection. The mean values for 
two-way correction from gaseous attenuation is 0.15 and 0.6 dB for Ku- and Ka- band, respectively 
at the surface. Since the focus of this analysis is on only solid phase hydrometeors, liquid phase 
echoes, melting echoes (i.e. the bright-band), surface echoes and the radar returns from the in-situ 
aircraft itself were all removed prior to running the retrieval. Liquid phase echoes where 
determined as the echoes found at altitudes lower than the melting level which was determined by 
considering the peak in linear depolarization ratio (LDR). Furthermore, echoes found near or 
below the minimum sensitivity of the Ku-band 𝑍" were removed (10 dBZ and 0 dBZ for 
OLYMPEX and GCPEX, respectively). 
In order to execute the NN retrieval, a 𝑇 profile is required. For the APR, the 𝑇 and altitude 
measured by the UND Citation are used from each mission day to construct a mean temperature 
profile. This profile is then linearly interpolated to the APR vertical resolution. The Citation 𝑇 is 
used as opposed to a radiosonde observation because it flew in a region more representative 
temporally and spatially of the environment sampled by the radar. A sensitivity test using the 
observed sounding as opposed to the Citation derived sounding resulted in an absolute mean 
percent difference of 5%, 20% and 14% for 𝐷!2, 𝑁&: and IWC, respectively. 
3.2.4 Collocation of in-situ and radar measurements 
To quantitatively evaluate the output of the NN retrieval, collocated in-situ and radar data 
are required. Collocated points are identified following a technique similar to Chase et al. (2018) 
and Ding et al. (2020), who used a kd-tree searching algorithm from Scipy (Oliphant, 2007) to 
efficiently search the APR sample volume for 30 of the closest gates within 1 km of the in-situ 
aircraft location. One difference from Chase et al. (2018), where the weighted mean of the 30 
closest gates were used, is that the closest gate is chosen from the 30 closest located by the kd-tree 
algorithm. The closest gate method was chosen to prevent auto correlations in the radar data from 




Chase et al. (2018) and the closest gate used here results in a 𝑍" change of less than the calibration 
uncertainty (< 1 dB). The average spatial error of collocation is approximately 370 m. Another 
difference from Chase et al. (2018) is that observations were considered coincident for this study 
when they were collected within 5 minutes temporally, while Chase et al. (2018) used a 10 minute 
temporal threshold. 
3.2.5 PSD parameter reference from in-situ  
While an independent measure of bulk water content within clouds was made during 
GCPEX and OLYMPEX, previous studies have suggested the Nevzorov probe, used in both field 
campaigns, underestimates mass compared to other bulk water content probes (e.g., Abel et al., 
2014; Korolev et al., 2013). Since an estimate of particle mass is required to calculate 𝐷!:, 𝐷!=, 
𝑁&: and IWC, a parameterization given by 
𝑚 = 𝑎	𝐷<	 (3.9) 
is used, where 𝑎 and 𝑏 can vary depending on the conditions where the measurements were 
obtained or on the probes used to collect the data (Finlon et al., 2019). In order to constrain the 
choice of 𝑎 and 𝑏, the collocated 𝑍" from the APR and the 𝑍" calculated from the PSD are 
compared. Specifically, 𝑍" is calculated from the PSD using Equation 3.2 and the	𝜎<=> from 6 
different degrees of riming categories reported in Leinonen & Szyrmer (2015). Then, the 𝑎	and 𝑏 
parameters associated with the 𝜎<=> that provides least error between measured and calculated 𝑍" 
at both Ku- and Ka- band are chosen. From there, 𝐷!:, 𝐷!=, 𝑁&: 	and IWC are all calculated using 
the selected 𝑎 and 𝑏. The average error of 𝑍" from this method is 0.20 dB and 1.3 dB for Ku- and 
Ka- band, respectively. 
3.2.6 GPM-DPR Observations 
The current GPM-DPR retrieval process is described in the algorithm theoretical basis 
document (Iguchi et al., 2018). In order to compare the current GPM-DPR retrieval of 𝑁&: and 
𝐷!2 to the NN retrieval developed herein, the NN retrieval is applied directly to the GPM-DPR 
data, which are the version 6 level 2 2ADPR data product. As with the APR data, an estimate of 𝑇 
at each radar gate is required. Thus, to allow for consistency between the NN retrieval and the 
GPM-DPR retrieval, the NN when applied to the GPM-DPR data uses the same 𝑇 data used in the 





3.2.7 Snowfall Properties Database  
 
Figure 3.2: Flowchart of how the database of PSD parameters used to train and evaluate the neural network is 
generated. 
The process of creating the training and test dataset for the NN is described here and shown 
graphically in Figure 3.2. The PSD dataset is split into a training and testing groups by randomly 
selecting 333 PSDs (approximately 10% of the PSD data) without replacement from each field 
campaign and labeling them as the test dataset. The remaining 15,487 PSDs are labeled as the 
training dataset. Then the datasets are upscaled by randomly sampling with replacement. For the 
training dataset, 33,333 PSDs from each campaign are randomly sampled, while for the test dataset 
3,333 PSDs are sampled providing a 90%/10% split between the two datasets. For each bin 
characterizing a PSD, one DDA-GMM particle is randomly sampled with replacement that has a 
maximum dimension (𝐷H) such that 𝐷+ −
56'
'
≤ 𝐷H ≤ 𝐷+ +
56'
'
	. This creates a random distribution 
of simulated particle types that match the prescribed dimensions of 𝐷+ and subsequently 𝑁(𝐷+). 
Once a random collection of particles is assigned to each PSD, 𝑍", 𝐷!:, 𝑁&: and IWC are 
calculated using the particle type information provided by the DDA-GMM simulations and the 
equations shown in Section 3.2.1. Note that while there is no additional information gained from 
upscaling the PSD data, there is over 20,000 particles which creates numerous unique 
Randomly sample 3,333 PSDs 
from each campaign
For each PSD and !" randomly 
choose a simulated DDA/GMM 
particle within the PSD size bin 
Use randomly selected particle 
types to determine parameters of 
interest (e.g., #$, &'(, !),*+)
Randomly sample 33,333 PSD 
from each campaign
For each PSD and !" randomly 
choose a simulated DDA/GMM 
particle within the PSD size bin 
Use randomly selected particle 
types to determine parameters of 






combinations of particles and PSDs. The unique combinations provide a wider variety of plausible 
microphysical-microwave properties, which should allow the NN to become more generalized. 
 
Figure 3.3: Joint distributions of 𝑍/ - IWC for the synthetic database generated from the DDA/GMM particles and 
measured PSDs. (a) Ku-band results. The solid red line is the new power-law fit to the data plotted while the dashed 
red line is the version 06 GPM-DPR power-law fit (see supplementary information) (b) Same as (a), but for Ka-band. 
Additional yellow lines are two power-law fits from (solid line) Liu & Illingworth (2000) and (dashed line) from 
Sassen (1987). 
To provide context of 𝑍" and IWC that have been synthetically generated, the joint 
distribution of 𝑍" and IWC is shown in Figure 3.3. It is not surprising that the range of IWC 
calculated is larger than that measured by the bulk water probes used in MC3E, OLYMPEX and 
GCPEX (e.g., Nevzorov) because the probes are known to underestimate IWC. Thus, the data are 
kept for training in order to provide a spectrum of plausible values to the NN. 
A new power-law between 𝑍" and IWC (solid red line, Figure 3.3) of the form 
𝐼𝑊𝐶 = 𝛼	𝑍"
# 	 (3.10) 
was obtained from the training dataset and the coefficients are listed in Table 3.1. This relationship 
provides a baseline retrieval to compare against the NN. Herein this will be referred to as the legacy 
method retrieval. Comparing the new legacy method to previous relations (e.g., Liu & Illingworth, 
2000; Sassen, 1987) shows that the new fit generally estimates lower IWC for the same 𝑍" by 
approximately 300% and 50% compared to the Liu & Illingworth (2000) and Sassen (1987) 
relations, respectively. For a second comparison, an average relation of the form in Equation 3.10 





IWC obtained from the GPM-DPR relation are approximately a factor of 10 smaller than the IWC 
generated here. Since 𝑆 is proportional to IWC, it is consistent with Skofronick-Jackson et al. 
(2019)’s study showing that GPM-DPR is underestimating 𝑆. To quantify the error in retrieved 
IWC for all retrievals, the root mean square error (RMSE), 
𝑅𝑆𝑀𝐸 = f
∑ (𝑥E − 𝑥7)',)
𝑛
	, (3.11) 
is used where 𝑥E is the vector of retrieved values, 𝑥7 is the vector of true values and 𝑛 is the number 
of data samples in the test set. The RMSE for each legacy method calculated on the test dataset is 
shown in Table 3.1. 
 
Table 3.1: Root mean squared error of the retrieved IWC using the power-law fits on the synthetic test dataset. Sassen 
(1987) and Liu & Illingworth (2000) only had Ka-band fits. Units are g m-3. For convenience, the 𝛼, 𝛽 parameters of 
each of the power-laws are included in the table. Ku-band are not in brackets, Ka-band are in brackets 
 
 
3.2.8 Neural Network Details  
The type of NN used here is a fully-connected feed forward multilayered perceptron NN. 
The network has three input features, six hidden layers of eight neurons and three output labels 
(Figure 3.4). The input features were chosen based on what is available operationally from GPM-
DPR, namely the Ku-band 𝑍" in logarithmic units (dBZ), the 𝐷𝐹𝑅FG0F- in logarithmic units (dB) 
and the 𝑇 in Celsius. The structure of the network was determined by systematically retraining the 
network with 2 to 128 neurons and 2 to 10 layers and choosing the network with the least amount 
of error on the test dataset before showing a signal of overfitting.  All networks were trained on 
Graphical Processing Units (GPUs) provided by Google’s freely available computation platform 







Figure 3.4: Neural Network Architecture, see Table 3.2 for more detail. Input parameters are 𝑍'(, 𝐷𝐹𝑅 and temperature (𝑇). 
Outputs are 𝑁)!, 𝐷*+ and 𝐷*,. There are 6 hidden layers, with weights, 𝑤-,/ where 𝑖 and 𝑗 are the layer and neuron number, 
respectively. The bias parameters are labeled as 𝑏-. Activation functions are all the same, but are not shown here to save space. 
Before training, the data require a transformation to prevent weighting any specific input 
feature unfairly based on its absolute magnitude and range. Thus, all input features were scaled to 
have a mean of zero and a variance of one. In addition, taking the logarithm of the output labels 
and scaling them to have mean zero and variance of one provided the least RMSE. All parameters 
described above, as well as a few other specific details, are noted in Table 3.2. In the event the 
reader would like to use the trained NN, an example of loading and running the network is shown 



















Table 3.2: Specific parameters used to train the neural network. 
 
 
3.2.9 Data availability 
The amalgamation of DDA/GMM particles used in the formulation of the synthetic data, 
the synthetic data itself and the notebook used to train the neural network are found with the data 
repository associated with this manuscript: https://doi.org/10.13012/B2IDB-0791318_V2 . The 
NASA GV field campaign data used in the three case studies can be made available upon request 
to the corresponding author, or the interested party can obtain all NASA GV data from NASA's 
Global Hydrology Resource Center: https://ghrc.nsstc.nasa.gov/home/ . The version 6 of GPM-
DPR data can be found at this doi: http://dx.doi.org/10.5067/GPM/DPR/GPM/2A/05. 
 
3.3 Results  
3.3.1 Evaluation of the retrieval methods on the synthetic dataset 
Any empirical method can be overfit intentionally to provide optimal results on a training 
dataset. Thus, here the NN retrieval is evaluated on the test dataset. The median percent error 
(MPE), defined as 





where 𝑦E is the vector of retrieved values and 𝑦7 is the vector of true values, is chosen as the metric 
of evaluation. Figure 3.5 shows the MPE as a function of the retrieved parameter of interest’s 




range (IQR) on average of ±17% and ±23% for 𝐷!: and 𝐷!=, respectively (Fig. 5a). Similarly, 
𝑁&: has MPE of 2% but has much larger average IQR compared to 𝐷!, with the mean first quartile 
being -51% and the mean third quartile being +114%. 
 
 
Figure 3.5: Percent error as a function of retrieved parameter magnitude. (a) median error associated with 𝐷.6 (solid 
blue line circle markers; bottom x-axis) and with 𝐷.! (solid red line square markers; top x-axis). The interquartile 
range is shown in shading. (b) As in (a), but for 𝑁#". (c) As in (a) and (b), but for IWC. Red shading and line are from 
the neural network, yellow from average Ku-band GPM-DPR relation and blue for the Ku-band legacy power-law 
relation trained on the synthetic database. 
Using Equation 3.8, IWC can be calculated so that the NN retrieval can be compared 
directly to the legacy methods. The NN (red, Figure 3.5c) performs best, showing a MPE around 
+1%, and a mean first quartile of -25% and a mean third quartile of +43%. As the magnitude of 
the retrieved IWC increases, the IQR decreases, implying that there is less relative uncertainty 
when the retrieval is retrieving IWC ≥ 0.5 g m-3. Meanwhile, the legacy fit provided in Section 
3.2.7 (blue, Figure 3.5c) provides the second-best method. There is a clear high bias of +35% at 
IWC ≤ 0.01g m-3 and of +61% IWC ≥ 1.0 g m-3, while underestimating between 0.01 g m-3 < IWC 
< 1.0 g m-3 The legacy fit also shows considerably more uncertainty than the NN, showing a larger 
IQR. Finally, the estimation of the current GPM-DPR algorithm (yellow, Figure 3.5c) shows a 
constant underestimation for all IWC of approximately 86%. 
Comparing the RMSE of the NN retrieved IWC (Table 3.3) to the RMSE of the legacy 
methods (Table 3.1), the NN outperforms all other legacy methods. To test statistical significance, 
a two-sample student 𝑡-test is used to compare the squared error of the legacy methods to the 
squared error of the NN retrieval. The result shows that the NN has a significantly (𝑝 < 0.05) lower 





provides estimates of IWC that are equal to or better than legacy method, while additionally 
retrieving two parameters of the PSD.   
 
Table 3.3: RMSE of snowfall parameter retrieved by the NN on the synthetic test dataset 
 
3.3.2 Case Studies  
While the evaluation of the NN on the test dataset provides an initial quantification of 
uncertainty and errors, the test dataset may not be truly independent from the training dataset. The 
PSDs used to synthesize the training and test dataset were measured in close spatial and temporal 
proximity to each other and thus are potentially correlated. The aforementioned implicit correlation 
could have skewed the evaluation done in Section 3.3.1. Furthermore, the stochastic nature of 
particle selection in the synthetic database could be unphysical, leading to training and evaluation 
of the NN on potentially unphysical 𝑍", 𝐷!:, 𝑁&: triplets. Thus, to gain more confidence in the 
NN retrieval and more physical insight, three case studies are used to further evaluate the retrieval. 
3.3.2.1 31 January 2012  
 
Figure 3.6: (a) Map with of GCPEX domain with a PPI from the Environment and Climate Change Canada’s C-band 
radar located at King City Ontario (WKR) at 31 January 2012 00:15 UTC. Solid black line is Citation aircraft track 
and dashed black lines are extent of the APR-2 scan volume at the ground. (b) Radiosonde observation taken at 30 







The first case study is a synoptic snowfall event from GCPEX that occurred on 31 January 
2012 (Figure 3.6). This case represents a typical continental cyclone, with warm air advection 
leading to widespread light snowfall over the GCPEX domain. Both aircraft flew a coordinated 
flight around 00:16 UTC with the Citation flying an oval pattern northwest of the King City Radar 
and the DC-8, carrying the APR, flying straight overtop the Citation (Figure 3.6a). The sounding 
from the start of the mission (30 January 2012 22:18) shows temperatures from the surface to 750 
hPa are between -5°C and -10	°C, with the dendritic growth zone located between 700 hPa and 
600 hPa (Figure 3.6b). The King City ground-based C-band radar plan position indicator (PPI) 
scan shows widespread snow, with localized bands of higher 𝑍" (Figure 3.6a). 
 
Figure 3.7: Cross-section at near nadir from the APR-2 along the flight shown in Figure 3.6. (a) Observed 𝑍7%. Citation 
flight track within ± 5 mins of radar data collection is shown in dashed black line. (b) Observed 𝑍78. (c) Dual-
frequency ratio between Ku- and Ka-band (𝐷𝐹𝑅7%978). Echoes are filtered to remove melting particles, surface 
returns, rain echoes, noise above echo-top and the Citation aircraft echo itself. (d) Retrieved 𝐷." using the neural 
network. (e) Retrieved 𝑁#" using the neural network (f) Calculated IWC from the retrieved 𝐷." and 𝑁#" using the 
neural network. 
Considering the cross section at near nadir of the swath shown in Figure 3.6a, 
meteorological radar echoes are found up to the altitude of the DC-8 (8 km, Figure 3.7a). However 
echoes that are sufficiently above the minimum sensitivity of Ku-band radar only extend to 4 km. 
A clear fall-streak echo pattern shows up in the Ku- and Ka-band as well as the 𝐷𝐹𝑅FG0F- (Figure 
3.7c) between 20-60 km horizontally and 0-3 km vertically. The results of applying the NN 










highly correlated to 𝐷!:. Within the fall-streak, 𝐷!2 is  0.75-1.00 mm, while outside the fall-streak 
it is  ≤	0.5 mm (Figure 3.7d) consistent with the increase in particle size in fall-streaks noted by 
Plummer et al. (2015). Inversely, 𝑁&2 within the fall-streak is lower than the surrounding cloud 
(Figure 3.7e). Calculating IWC shows peak values found within the fall streak of approximately 
0.1 g m-3. 
 
Figure 3.8: Along track comparison between in-situ measurements and collocated retrieved products for 31 January 
2012. (a) Solid lines indicate best estimate of 𝐷." (blue) and 𝐷.! (red) calculated from PSD while matched neural 
network retrieval of 𝐷.6	(blue) and 𝐷.!(red) are dashed lines. (b) Similarly, best estimate of 𝑁#" is solid line 
calculated from PSD while matched neural network retrieval is dashed line. (c) Best estimate of IWC is solid black 
line, while matched neural network retrieval is dashed red (NN). Average power-law relation for current GPM-DPR 
algorithm (DPR, yellow dashed) and new power-law fits for Ku- (𝐾𝑢:;, blue dashed) and Ka-band (𝐾𝑎:;	, blue 
dotted) shown for reference. 
The retrieval data matched to the in-situ plane are shown in Figure 3.8. Both the retrieval 
and in-situ measurements of 𝐷!: have good agreement showing an MPE of less than 15%. The 
retrieval of 𝑁&2 performs worse than that of the 𝐷!2, showing a constant low bias of approximately 
0.5 in units of log(m09	mm02). This low bias propagates into the calculation of IWC which is 
biased low by approximately 0.05 g m-3. The RMSE and MPE between the retrieved parameters 
and the in-situ estimates are found in Table 3.4. For this relatively uniform low IWC case, the NN 
retrieval performs better than suggested in Table 3.3. 
 
Table 3.4: RMSE and MPE (in parentheses) from the 31 January 2012 case study. Stars indicate that the exponential 








3.3.2.2 12 February 2012  
 
Figure 3.9: As in Figure 3.6, but for 12 February 2012. (b) Radiosonde observation taken at 12 February 2012 06:40 
with blue marker near 1000 hPa indicating average surface temperature of Lake Huron from the National Oceanic and 
Atmospheric Administration CoastWatch Great Lakes 
The second case analyzed evaluates the NN retrieval on a shallow convective snowfall 
event (i.e., lake effect snow) from 12 February 2012 during GCPEX. The PPI scans from the King 
City radar show a narrow band of snowfall emanating from Georgian Bay and impacting the local 
Southern Ontario region (Figure 3.9a). A radiosonde observation taken 40 min after the flights in 
Figure 3.9b, show cold 850 hPa temperatures at about -15°C providing ample conditional 
instability for lake-effect snow given an average lake surface temperature of Lake Huron of 2°C. 
The DC-8 and Citation flew multiple legs between Georgian Bay and the King City Radar site, 







Figure 3.10: As in Figure 3.7, but for 12 February 2012. 
The cross-section shown from 12 February 2012 shows echo tops much shallower than 31 
January 2012, peaking at approximately 2.5 to 3 km ASL (Figure 3.10). Individual convective 
elements are seen in the 𝑍" field, diagnosed from the pockets of 𝑍" ≥  30 dBZ (Figure 3.10a), 
which contained observed Doppler velocities of 1.0-1.5 m s-1 upward (not shown). There are no 
clear fall-streaks in this case, but 𝐷𝐹𝑅FG0F- is locally increased to > 5 dB at 40 to 60 km (Figure 
3.10c). The retrieved 𝐷!: is increased in the larger 𝐷𝐹𝑅FG0F-	regions to 1-1.5 mm (Figure 3.10d) 
while being near 0.5 mm outside. The same larger 𝐷𝐹𝑅FG0F- regions are characteristic of 𝑁&2 
around 3.5 log(m09	mm02)	and IWC around 1 g m-3.  
 
 












Comparing the retrieved 𝐷!: to in-situ data, there is an initial poor agreement that appears 
along the flight track, with the retrieval overestimating the measured values by 0.75 mm, but then 
agreement improves along the track by 35 km (Figure 3.11a). This could be due to the poor 
temporal matchup between the APR and the Citation (5 mins at the start) and the large spatial 
heterogeneity. Interestingly, unlike the previous case where the performance of the retrieved 𝐷!) 
was similar to the performance of the 𝐷!2, retrieved 𝐷!) shows a constant low bias of a factor of 
2 (Figure 3.11a) at the same location where the retrieval of 𝐷!2 is performing well (with MPE of 
8%).  The retrievals of 𝑁&2 and IWC show the same poor agreement at the start, but then agree 
within 33-43% (MPE) at distances greater than 35 km. Although the 𝑁&2 retrieval has less error 
(by 13%) compared to the 31 January 2012 case, the retrieval of IWC is still low compared to the 
in-situ measurement, but is performing better than the other legacy methods. The retrieved RMSE 
of parameters for 12 February 2012 are worse than the RMSE on the synthetic data and the 
previous case, but the NN retrieval outperforms all legacy methods in retrieving IWC with a RMSE 
of 0.27 g m-3 (Table 3.5).  It should be noted that during the 12 February 2012 case, the Citation 
was detecting the presence of supercooled liquid water from the Rosemount icing detector probe 
(Baumgardner & Rodi, 1989) which implies that rimed particle types are plausible, and could 
partially explain why the retrieval performs worse on the 12 February 2012 case than the 31 
January 2012 case and the synthetic dataset. 
 












3.3.2.3 03 December 2015 
 
Figure 3.12: As in Figure 3.6, but for 03 December 2015 15:09 UTC and the Langley Hill NEXRAD radar (KLGX). 
(a) A second set of lines (dotted) indicate GPM-DPR inner swath where Ku- and Ka- band observations are made. (b) 
Radiosonde observation taken at 03 December 2015 15:16 UTC from nearby the marked radar location in (a). 
The last case presented herein considers a synoptically-forced event that occurred over 
complex topography on 03 December 2015 during OLYMPEX. The 1.45° PPI scan from the 
National Weather Service Langley Hill S-band radar shows widespread precipitation echoes, with 
enhancements of reflectivity over the terrain located NE of the radar location (Figure 3.12a). A 
radiosonde from approximately the same time and location as the ground-based radar scan shows 
a moist environment, with the melting level located at approximately 750 hPa (or 2 km ASL). Both 
airplanes were flying a coordinated stacked leg pattern from NW to SE over the Olympic 

















Figure 3.13: As in Figure 3.7, but for 03 December 2015. 
The cross-section of raw	𝑍" and the retrieved products are shown in Figure 3.13. Echo tops 
at Ku- and Ka- band on 03 December 2015 extend up to about 8 km ASL, with an apparent melting 
level at 2 km (i.e., bright band; Figure 3.13ab). Interestingly, there is also a secondary level of 
enhancement of 𝑍" found at 3.5 to 4.5 km, that shows up well in 𝐷𝐹𝑅FG0F- (Figure 3.13c). The 
secondary enhancement is characteristic of larger retrieved 𝐷!2, lower 𝑁&2 and larger IWC than 
the immediate surrounding areas. This region of enhancement is likely associated with a mountain 
wave, forced by a stable layer lifted by synoptic flow over the terrain, leading to locally increased 
upward vertical velocities within the layer. Doppler velocities within the second layer of 
enhancement showed pockets of 1 - 2 m s-1 updrafts (not shown). Considering the in-situ measured 
temperature and the sounding (Figure 3.12b), the secondary enhancement is close to the dendritic 
growth zone, which could be leading to quickly growing particles by vapor deposition and 
aggregation and thus the enhanced 𝑍" and 𝐷𝐹𝑅FG0F-. Below the layer of enhancement, retrieved 











Figure 3.14: As in Figure 3.8, but for 03 December 2015. 
There is good agreement between the retrieval and in-situ observations initially, with MPE 
of -8%, +9% and -8% for 𝐷!:, 𝑁&2 and IWC, respectively up to 65 km. After 65 km, the retrieval 
underestimates 𝐷!:, 𝐷!= (-17% and -28% MPE; Figure 3.14a) and overestimates 𝑁&: (+163% 
MPE; Figure 3.14b) leading to an overestimate of IWC (+31% MPE; Figure 3.14c). The RMSE 
of all parameters shows less error than 12 February 2012, but larger errors than the case on 31 
January 2012 (Table 3.6). As in the 12 February 2012 case, there is supercooled liquid water 
sampled by the Citation aircraft on 03 December 2015, which was noted by Chase et al. (2018) 
and could be leading to the observed errors in the NN retrieval. Despite the potential presence of 
rimed particles, the retrieval of IWC shows similar RMSE (0.16 g m-3) to the legacy methods (0.22 
and 0.17 g m-3) and improved results compared to GPM-DPR average relation (0.42 g m-3). 
 
Table 3.6: As in Table 3.4 but for 03 December 2015. 
 
3.3.2.4 Summary of Cases  
Three case studies representing different meteorological conditions were analyzed to 
compare the retrieved 𝐷!:, 𝐷!=, 𝑁&2 and IWC to the in-situ measured value. Combing all three, 
the case studies show that the NN performs similarly to what was described in Section 3.1 (Table 
3), with statistically significant (p < 0.05) lower squared error on IWC when compared to an 
estimate of the current GPM-DPR algorithm and a legacy power-law fit using Ku-band 𝑍". The 
resulting combined MPE is -13%, -23%, +120% and +10% for 𝐷!:, 𝐷!), 𝑁&2 and IWC, 





legacy methods despite the presence of potentially rimed particles being sampled in-situ. Thus, 
while the formulation of the training dataset is somewhat simple (i.e., no rimed particles), it is still 
general enough to provide improved retrieval results compared to a single frequency power law 
and an estimate of the current GPM-DPR algorithm. 
3.3.3 Neural network implementation on GPM-DPR data 
 
Figure 3.15: Similar to Figure 3.13, but now using GPM-DPR data along the APR3 swath (scan 9 of the inner swath). (a) measured 
Ku-band 𝑍0 (b) measured Ka-band 𝑍0 (c) Measured 𝐷𝐹𝑅'(1'2 (d) GPM-DPR version 6 retrieved 𝐷*! (e) GPM-DPR version 6 
retrieved 𝑁)! (f) IWC calculated from the GPM-DPR version 6 retrieval of 𝐷*! and 𝑁)!. 
One unique aspect of the 03 December 2015 case was that the GPM-DPR overpassed the 
region during the coordinated flights of the DC-8 and Citation (GPM-DPR orbit track in dotted 
lines on Figure 3.12a). Thus, the GPM-DPR observations and the direct output of the operational 
algorithm can be compared against the APR data and the output from the NN retrieval. Since the 
sensitivity of the GPM-DPR is approximately 12 and 18 dBZ for the Ku- and Ka-band normal 
scan, respectively (Toyoshima et al., 2015), the first noticeable difference between the APR 
(Figure 3.13) and GPM-DPR (Figure 3.15) is in echo top height. In the GPM-DPR data, the echo 
tops are found at about 5 - 6 km at Ku-band (Figure 3.15a) and 4-5 km at Ka-band (Figure 3.15b) 
while the APR showed echo tops to about 8 km (Figure 3.13a and 3.13b). The decrease in along 
track resolution and vertical resolution can also be gleaned by comparing panels a-c in Figure 3.13 
and 3.15. Despite the differences, GPM-DPR measures similar enhancements in 𝐷𝐹𝑅FG0F-	at 4 










Note the current operational GPM-DPR algorithm has an along track ray-to-ray variability 
that is consistent throughout the vertical column in the retrieved products (Figure 3.15d-f). This 
likely occurs because the profiles of 𝑍" are attenuation corrected by considering the surface echo 
as reference, and this value is used in the microphysical solver to estimate retrieved quantities such 
as 𝑁&2 and 𝐷!: (see ATBD section 3.7 Iguchi et al., 2018). Since these observations were collected 
over complex topography, the estimation of path integrated attenuation using the surface reference 
technique likely contains large errors resulting in the unphysical retrieval result. Despite this, there 
does seem to be a local enhancement of 𝐷!2 at 4 km between 30 – 50 km (Figure 3.15d) which is 
consistent with the NN retrieval applied to the APR data (Figure 3.13d). Looking beyond the ray-
to-ray instability, the overall magnitude of 𝑁&2 is a factor of 10 lower than what was retrieved by 
the NN on the APR data which through Equation 3.8 leads to a factor of 10 lower IWC retrieved 
by GPM-DPR. This is consistent with the low bias reported by Casella et al. (2017), Heymsfield 
et al. (2018), Skofronick-Jackson et al. (2019), Chase et al. (2020) and with the results shown in 
Figure 3.8c, Figure 3.11c and Figure 3.14c. 
 
 
Figure 3.16: Neural network retrieval applied to GPM-DPR data. (a) 𝐷.6 (b) 𝑁#" (c) IWC 
While it has been shown here that the NN retrieval performs better than the average GPM-
DPR retrieval of IWC (Section 3.3.2) using the APR data, the uncertainties caused by the 
resolution differences, radar sensitivity differences, and the source of environmental temperature 
information could impact the retrieval when applied to the GPM-DPR data (e.g., Pfitzenmaier et 
al., 2019). To investigate how the radar differences impact the retrieval, the NN is applied directly 
to the GPM-DPR data on the 03 December 2015 (Figure 3.16). The first noticeable improvement 
is the correction of the ray-to-ray variability in retrieved parameters. As a result, the enhancement 
of 𝐷!2 at 4 km becomes more pronounced, showing up continuously in along track scans (Figure 





(approximately 5 log(m09	mm02)) as in the APR retrieval (Figure 3.13e), leading to similar 
retrieved IWC values. 
 
 
Figure 3.17: Median profiles of retrieved microphysical parameters from 03 December 2015 15:09 UTC. (a) Measured 
median reflectivity from the APR (solid lines) and GPM-DPR (dashed lines) for both Ku- (blue) and Ka- (red) bands. 
(b) 𝐷." retrieved from neural network applied to the APR3 data (APRNN, blue), retrieved from the GPM-DPR version 
6 algorithm (GPMDPR, red) and the neural network applied to the GPM-DPR data (GPMNN, black). (c) similar to (b) 
but for 𝑁#6. (d) The resulting IWC calculated from 𝐷.6 and 𝑁#". 
To directly compare the results from Section 3.3.2 and 3.3.3, the median profiles of 𝐷!2, 
𝑁&2 and IWC for each retrieval are shown in Figure 3.17. Note that the means are taken from all 
scans of the APR which in areal coverage approximately equal the area of the GPM-DPR. 
Furthermore, the APR data was constrained to have the same minimum sensitivity of GPM-DPR, 
which is 12 dBZ and 18 dBZ for Ku- and Ka-band, respectively. Despite the resolution and 
sensitivity differences, the NN retrieval applied to the GPM-DPR data largely captures the same 
profile of the NN retrieval applied to the APR. The main differences that occur are that there is an 
overestimation (+0.03 mm) of 𝐷!2 and an underestimation of 𝑁&2 (-0.04 
log(m09mm02))	between 2 – 4 km. Since the bias of the retrieval of 𝐷!: and 𝑁&2 are of opposite 
in sign, they largely offset in the calculated IWC. The median profiles from the current GPM-DPR 
algorithm show a constant high bias of 𝐷!2 (+0.35 mm), low bias of 𝑁&: (-1.5 log(m
09mm02))	 
and thus a low bias of IWC (-0.5 g m-3). Thus, the NN applied to the GPM-DPR data can provide 
physically plausible results that are improved compared to the current GPM-DPR retrieval for 









3.4 Summary and Conclusions 
An approach using neural networks (NNs) to retrieve snowfall properties was formulated 
with a database of more than 20,000 ice particles whose microwave scattering properties were 
simulated using the Discrete Dipole Approximation and the Generalized Multiparticle Mie 
methods. The pool of particles was paired with observed particle size distributions (PSDs) 
measured within ice clouds during NASA Ground Validation (GV) field campaigns to produce a 
synthetic database of snowfall properties and their effective radar reflectivity factor (𝑍") at two 
frequencies (Ku- and Ka-band). The synthetic database was used to train a NN to retrieve two 
parameters of the 3-parameter gamma particle size distribution: the liquid equivalent mass 
weighted mean diameter (𝐷!:) and the liquid equivalent normalized intercept parameter (𝑁&2), 
from which the ice water content (IWC) can be calculated following Equation 3.8. An evaluation 
on a subset of the synthetic database not used in training showed the NN retrieval has a root mean 
squared error (RMSE) of 0.1 mm, 1.28 ×	10; m-3 mm-1 and 0.24 g m-3 with an average range of 
uncertainty of [-10%,+7%], [-51%,+114%] and [-25%,+43%] for 𝐷!2, 𝑁&2 and IWC, respectively. 
Furthermore, three simple power-law relations between 𝑍" and IWC evaluated on the same test 
dataset show significantly (p<0.05) worse squared error on the IWC retrieval compared to the NN. 
Three case studies from NASA GV field campaigns provided an independent evaluation 
of the NN retrieval on coincident observations of 𝑍" and the PSD. The first case, collected on 31 
January 2012, showed that the NN had a median percentage error (MPE) between the retrieval and 
the in-situ estimates of +13%, -61% and -28% for 𝐷!2, 𝑁&2 and IWC, respectively. The second 
case, a shallow lake effect snowfall event (12 February 2012), showed better performance with 
MPE of +8% and -48% for 𝐷!2, 𝑁&2, respectively but worse performance on IWC (MPE of -38%). 
The third case within a Pacific Northwest cyclone over complex topography (03 December 2015) 
showed MPE of -13%, +129% and +13% for 𝐷!2, 𝑁&2 and IWC, respectively. Analysis for all 
three case studies showed the NN has significantly lower squared error when compared to an 
estimate of the current GPM-DPR algorithm and a legacy power-law fit between 𝑍" and IWC. 
Finally, the NN retrieval was applied directly to GPM-DPR observations and indicated that the 
NN can provide a physically plausible profile, which is able to capture the same microphysical 
structures of the higher resolution APR retrieval and correct for undesired retrieval artifacts found 




This was the first attempt at providing a viable solid phase retrieval alternative for GPM-
DPR. Thus, the retrieval in its current form has caveats that readers and users should be aware of. 
Currently, there are no rimed particle types included in the training database of particles despite 
rimed particles being available from the literature (Leinonen & Szyrmer, 2015). That being said, 
the NN retrieval continues to outperform a simple power-law and the GPM-DPR algorithm 
estimate on case studies where riming is likely present (see 12 February 2012 and 03 December 
2015 cases). In future iterations of the NN retrieval, rimed particle types should be included. 
Another caveat is that the training data for the NN were informed from three field campaigns all 
located in North America. Thus if the goal is to have a global snowfall retrieval, future iterations 
of the retrieval should look to included additional field campaign measurements of PSDs collected 
in other precipitation regimes across the globe. Finally, a sensitivity analysis using different 
sources for the temperature input to the retrieval does affect the retrieval by around 10-25%. Thus 
for optimal performance of this NN retrieval, users should use the most accurate available 
temperature input (e.g., Sounding in close proximity spatially and temporally). 
 Future avenues of research could modify the NN to also predict the shape parameter of the 
PSD (𝜇) that way other PSD characteristics, like precipitation rate, can be derived. Future work 
should also look to evaluate the NN retrieval on additional case studies from OLYMPEX, GCPEX 
and other campaigns (e.g., Lubin et al., 2020; Petäjä et al., 2016) with high quality coincident 
multi-frequency and microphysical measurements. The additional evaluation would further inform 
users of the accuracy and potential biases associated with the NN retrieval. Lastly, the comparison 
to CloudSat and the operational algorithms therein, would be beneficial for understanding if the 
bias reported in Skofronick-Jackson et al. (2019) and Casella et al. (2017) has been improved with 









Most of the world’s precipitation falls as rain, but more than half can be related to ice 
processes found aloft (Field & Heymsfield, 2015; Heymsfield et al., 2020). Thus, any attempt to 
fully quantify the hydrological cycle must include solid phase hydrometeor processes and 
measurements. Furthermore, the amount of snow that falls to the surface is vital in mountainous 
regions were humanity relies on the melted runoff as their main fresh water resource (Viviroli et 
al., 2003). One method of quantifying characteristics of solid phase hydrometeors is the use of 
radar. Currently there are two satellites in orbit carrying meteorological radars capable of 
quantifying global precipitation characteristics, CloudSat and the Global Precipitation Mission 
(GPM) core observatory.  
CloudSat was launched in 2006 carrying the Cloud Profiling Radar (CPR), a non-scanning 
94 GHz radar in a 98° sun synchronous orbit (Stephens et al., 2002; Tanelli et al., 2008). The 
operating frequency, non-scanning nature and relatively small instantaneous field of view (IFOV) 
allows successful detection of most clouds found in the troposphere. Since 2006, CPR has been 
used for numerous global snowfall studies (Kulie et al., 2016, 2020; Kulie & Bennartz, 2009; Kulie 
& Milani, 2018; Liu, 2009; Milani et al., 2018; Palerme et al., 2014, 2017), and after evaluation 
against several ground-based methods (e.g.,  Cao et al., 2014; Chen et al., 2016; Matrosov, 2019; 
Norin et al., 2015; Souverijns et al., 2018), CPR has become commonly used as a global snowfall 
reference (e.g., Cabaj et al., 2020; Edel et al., 2020; Milani et al., 2018; Palerme et al., 2017; 
Skofronick-Jackson et al., 2019). 
The GPM core observatory was launched in 2014 into a 65° non-sun synchronous orbit 
carrying the scanning Dual-frequency Precipitation Radar (DPR) operating at 13.5 and 35.5 GHz 
(Hou et al., 2014). Contrary to CloudSat, GPM-DPR has a relatively large IFOV and poor 
sensitivity which primarily makes the radar more useful for sensing moderate to intense 
precipitation. Despite GPM-DPR’s limitations, the radar has also been used for global snowfall 




Since both CloudSat and GPM-DPR produce public snowfall products, it is sensible to 
compare the two independent retrieval techniques and their results. Namely, the 2C-
SNOWPROIFLE from CloudSat (Wood & L’Ecuyer, 2018; Wood & L’Ecuyer, 2020) and the 
2ADPR from GPM-DPR (Iguchi et al., 2018) have been compared in the literature and show 
2ADPR near surface snowfall retrieval product is biased low compared to CloudSat (Casella et al., 
2017; Skofronick-Jackson et al., 2019; Tang et al., 2017). Casella et al. (2017) used a coincident 
database of CPR and GPM-DPR observations (Turk, 2016) and found that more than 90% of the 
snowfall events (i.e., one event is one near-surface snowfall measurement) by number are missed 
by GPM-DPR, attributing this to GPM-DPR’s lack of sensitivity. However, Casella et al. (2017) 
states that while GPM-DPR is missing a large fraction of events by number, the fraction of the 
snowfall accumulation captured by GPM-DPR is estimated to be around 30% of the total global 
snowfall accumulation. Skofronick-Jackson et al. (2019) compared three years of CPR and GPM-
DPR measurements statistically, accounting for hardware, retrieval algorithm and operating 
frequency differences. After careful quality control, it was found that on the global average GPM-
DPR near surface snowfall accumulation was about 50% lower than CPR, but spatially the 
disparity can be larger (up to 800 mm/yr; Skofronick-Jackson et al., 2019). Motivated by the work 
of Casella et al. (2017) and Skofronick-Jackson et al. (2019), Chase et al. (2020) investigated the 
microphysical assumptions within the 2ADPR retrieval algorithm and found that the assumed 
empirical parameterization between the liquid equivalent mass flux (R) and the liquid equivalent 
mass weighted mean diameter (𝐷!) does not characterize surface snowfall well and contributes to 
the low bias reported in Skofronick-Jackson et al. (2019). Thus, Chase et al. (2021) developed an 
alternative dual-frequency retrieval that shows initially better performance than the current GPM-
DPR method against in-situ observations, with a median bias of 13%, 120% and 10% for 𝐷!, the 
liquid equivalent normalized intercept parameter (𝑁&) and ice water content (IWC), respectfully. 
Chase et al. (2021) also showed that their retrieval implemented on the GPM-DPR measurements 
removes along track ray-to-ray instabilities found in the current 2ADPR method. Even though the 
results form Chase et al. (2021) are encouraging with respect to improving GPM-DPR snowfall 
retrievals, additional evaluation and comparison of the retrieval against CloudSat and the 2C-
SNOWPROFILE product would be beneficial.  
The primary goal of this paper is to assess the new retrieval method developed by Chase et 




to quantify and discuss the potential limitations of W-band single frequency retrievals in the 
context of moderate to intense snowfall events. Although CPR’s 2C-SNOWPROFILE has shown 
generally good agreement with ground-based sensors (e.g.,  Cao et al., 2014; Chen et al., 2016; 
Matrosov, 2019; Norin et al., 2015; Souverijns et al., 2018), there have been indications that the 
2C-SNOWPROFILE retrieval is low biased compared to other snow accumulation measurements. 
For example, Ryan et al. (2020) showed 2C-SNOWPROFILE is low compared to ice core 
estimates over Greenland. Cao et al. (2014) showed for moderate to intense snowfall rates (> 1 
mm hr) 2C-SNOWPROFILE underestimates the S-band radar snowfall estimates. The rest of this 
manuscript is structured as follows: Section 4.2 discusses the retrieval methods, the coincident 
dataset between GPM-DPR and CPR, the quality control methods used to ensure a fair comparison 
of GPM-DPR and CPR, and information on the field campaign datasets used. Section 4.3 contains 
the results, starting with the statistical comparison between snowfall products on the coincident 
dataset, and then discussing the snowfall product comparison in context of two cases studies from 




4.2.1 Retrieval Methodologies 
The snowfall retrieval named 2C-SNOWPROFILE, hereafter 2CSP, which uses optimal 
estimation (Rodgers, 2000) to retrieve two parameters of the exponential particle size distribution 
based on a state vector containing the ECMWF reanalysis environmental conditions, the gaseous 
attenuation corrected W-band reflectivity, and a priori characteristics of snow (Wood & L’Ecuyer, 
2018; Wood & L’Ecuyer, 2020). From the two parameters of the size distribution, snowfall 
properties such as IWC and 𝑅 can be calculated. For the 2CSP retrieval, the terminal fall velocity 
relation used is scaled to the pressure at which the retrieval is made, while the 2ADPR (Seto et al., 
2013) and the Chase et al. (2021) retrieval neglect this effect. Thus, for the comparison to be 
conducted in this study, one needs to scale the terminal fall velocity of 2CSP to mean sea level. 
The following relation (Brandes et al., 2008) is used: 








where 𝑅!=: is the liquid equivalent precipitation rate at mean sea level (1013 hPa), 𝑅+ is the 
precipitation rate at the retrieval level and 𝑃+ is the pressure at the retrieval level.  
The latest version for the GPM-DPR retrieval, version 6 (Iguchi et al., 2018), uses a 
prescribed relation between 𝑅 and 𝐷! to simultaneously retrieve 𝑅 and 𝐷! for a given measured 
radar reflectivity factor (𝑍"). The retrieval is done iteratively, varying an adjustment parameter 𝜖 
in the column to minimize the error between the retrieved and estimated path integrated attenuation 
and the Ka-band 𝑍". More details can be found in the algorithm theoretical basis document (Iguchi 
et al., 2018). Overall, the algorithm shows good performance on the retrieval of 𝑅 and 𝐷! in rain 
compared to data collected during NASA’s Ground Validation field campaigns, satisfying GPM’s 
level 1 mission requirement of an error of less than 50% and 0.5 mm for 𝑅 and 𝐷! respectively 
(Gatlin et al., 2020; Petersen et al., 2020). Note that the 𝑅 − 𝐷! retrieval framework is used in all 
GPM-DPR gates, regardless of hydrometeor phase despite being derived from surface rainfall 
measurements. There are adjustments to some of the assumptions in the scattering tables and the 
underlying particle size distribution when being used for solid phase designated radar gates, but 
the underlying 𝑅−𝐷! relation is exactly the same. The use of the 𝑅 − 𝐷! parameterization has 
contributed to the low bias within snowfall retrievals (e.g., Chase et al., 2020; Skofronick-Jackson 
et al., 2019), but the 2ADPR retrieval for snowfall is included within the comparative analysis of 
Section 4.3.1 for demonstrating this bias relative to a newer algorithm proposed by Chase et al. 
(2021).  
As an alternative to the 𝑅 − 𝐷! retrieval in snowfall using GPM-DPR, a dual-frequency 
radar neural network retrieval of snowfall parameters formulated by Chase et al. (2021) is used. 
The retrieval was built using state-of-the-art particle scattering models and measured particle size 
distributions to inform the weights and biases of a neural network. The Chase et al. (2021) retrieval, 
hereafter NN, is performed on a gate-by-gate basis and uses the measured 𝑍" at Ku-band, measured 
dual-frequency ratio between Ku- and Ka- band, and the temperature of each radar gate. The 
retrieval considers these input values with trained weights and biases, and outputs estimates of 𝐷! 
and 𝑁&. From 𝐷! and 𝑁&, the IWC can be calculated following Delanoë et al. (2014),  
𝐼𝑊𝐶 =
𝑁& 	𝐷!$ 	𝜌: 	𝜋
4$
		 (4.2) 






Figure 4.1: Measured correspondence between ice water content (IWC) and liquid equivalent precipitation rate (R) 
from the dataset in von Lerber et al. (2017) and Pettersen et al. (2020). Dots indicate individual data points, shading 
shows the density of points in each bin. Black line is the power-law fit from Equation 3. 𝐸</= is the mean error 
estimated from using the regression to calculate 𝑅 from IWC and 𝐸1>?@ is the mean error for calculating 𝑅 from IWC 
when you randomly add the expected uncertainty of the retrieval of IWC from Chase et al. (2021). 
Since the goal of this study is to compare 𝑅 among different retrievals, some assumptions 
have to be made to convert the IWC to 𝑅 within the NN retrieval. To do so, a linear regression 
between log(𝑅) and log(𝐼𝑊𝐶) is fit using approximately 24 hours of ground-based precipitation 
imaging package (PIP) measurements acquired at the University of Helsinki Hyytiälä Forestry 
Field Station in Finland (Chase et al., 2020; von Lerber et al., 2017) and the National Weather 
Service office in Marquette, Michigan USA (Pettersen et al., 2020). The PIP data are used because 
the mass of particles is retrieved from their respective observed fall velocities (see von Lerber et 
al., 2017), thus giving a more constrained estimate of 𝑅 and IWC from measured particle size 
distributions. The fit to the empirical relation is given by 
𝑅 = 3.64	(𝐼𝑊𝐶)2.);	 (4.3) 
and is shown graphically in Figure 4.1. The units for the coefficient of 3.64 in Equation 4.3 are 
(	m9	g02	)2.);		mm	hr02.	The total PIP dataset includes about 600 hours of snowfall 
measurements.  The mean estimated error from using a linear regression to calculate 𝑅 from IWC 
is 0.04 mm hr-1. When the uncertainty in the retrieval of IWC is considered, by adding in random 
noise from a normal distribution with a mean of −0.05	𝑔	𝑚09 and standard deviation of 




uncertainty in the NN retrieval of 𝑅 is from the initial retrieval of 𝐷! and 𝑁&, not the conversion 
of IWC to 𝑅.  
 
4.2.2 Coincident dataset and Quality Control 
 
Figure 4.2: An example of a coincident sample (observed by both radars) of a precipitating system located at 57°N 
and 145°E on 28 July 2016 between 1253 and 1300 UTC. (a) CloudSat W-band attenuated 𝑍/ (units dBZ) with the 
surface echo clutter and echo top noise removed. (b) GPM-DPR Ka-band attenuated 𝑍/ (units dBZ) matched along 
the CloudSat track. The surface echo clutter and echo top noise removed. (c) 2C-SNOWPROFILE retrieved snowfall 
rate (mm hr-1). Gates with temperatures ≥ −2.5°C and inferred mixed phase gates (bright band) were removed. (d) 
Chase et al. (2021) retrieved snowfall rate (mm hr-1). Melting layer, rain echoes and gates below 18 dBZ (minimum 
sensitivity) were removed. (e) As in (c) but now only where there is Chase et al. (2021) retrieval. The additional red 
colors are the default version 6 2ADPR rainfall retrieval. (f) as in (d), but with the added rainfall retrieval in red from 
the default version 6 2ADPR rainfall retrieval. 
The main dataset used here is the coincident CloudSat-GPM archive (Turk, 2016). This 
dataset consists of all GPM overpasses from 04/2014 to 08/2016 that have a CloudSat track passing 
through the GPM swath within 15 minutes of each other. The closest GPM-DPR footprint to each 
CloudSat along-track footprint are deemed coincident and used for the comparison of both sets of 
measurements. These data have already been used successfully in informing the current status of 
the operational GPM-DPR retrieval of snowfall (Casella et al., 2017), determining the 
effectiveness of high frequency radiometers for snowfall retrievals (Panegrossi et al., 2017, 2018; 
Yin & Liu, 2019), training of passive microwave radiometers to derive snowfall properties of the 
column (Rysman et al., 2018) and near surface (Rysman et al., 2019), as well as informing 
retrievals of ice water path within convective systems from passive microwave radiometers 










Because the original goal from Turk (2016) was to include both coincidences of CloudSat 
with GPM-DPR and coincidences with the much wider swath radiometer on GPM (GMI; Draper 
et al., 2015), there are many files with little-to-no meteorological signal from GPM-DPR. To 
eliminate the empty files, a list of files was identified manually to contain GPM-DPR signal and 
thus retained for the analysis. From the remaining list of files, each was quality controlled in the 
following manner to be used for analysis in Section 4.3. First, echoes determined as convective by 
the GPM-DPR retrieval (i.e., no bright-band present) are removed, because the 2CSP retrieval and 
NN retrieval are not designed to perform well in convection given the likely presence of large 
amounts of supercooled liquid water and riming that are not addressed in either algorithm. Then, 
surface echoes are removed by using the included surface elevation with a buffer of 1 km for the 
CloudSat dataset and the GPM-DPR supplied lowest clutter “free bin parameter” for the GPM-
DPR dataset. Subsequently, the noise above echo-top is eliminated by using the minimum 
sensitivity thresholds for each radar, i.e., -25, 18 and 12 dBZ for W-, Ka- and Ku- bands, 
respectively. The result from the aforementioned steps are shown in Figure 4.2ab. In order to 
isolate solid phase echoes, data in the melting layer were removed, by eliminating gates with 
temperatures > −2.5°C. The temperature is obtained from the closest ECMWF reanalysis profile 
included within the matched dataset. The conservative threshold of −2.5	°𝐶 was chosen to assure 
most of the melting layer would be excluded from the analysis. The result of removing liquid phase 
echoes from the retrieved 𝑅 are found in Figure 4.2cd. In addition, the 2CSP retrieval is then 
constrained to those values where the NN retrieval was successfully performed. Profiles where at 
least 3 gates in the ice layer of the column are kept for the analysis, and all others are removed, 
and the results of these final steps are shown in Figure 4.2ef (blue pixels).  
Because there is no “ground” truth of retrieved snowfall, one way to evaluate retrieval 
performance is to compare the mass flux right above the melting layer to the mass flux right below 
the melting layer. Heymsfield et al. (2018) used this method, suggesting that on average the mass 
flux above and below the melting layer should be quasi-conserved. Additionally, a recent case 
study by Mróz et al. (2020) using triple-frequency doppler spectra measurements showed that the 
mass flux just above the melting layer is well preserved just below the melting layer outside of 
regions of intense aggregation (e.g., where DFR at X-Ka is > 10 dB). Lastly, since the retrieval of 
rain from radars is generally more constrained than for ice (e.g., raindrops are quasi-spherical; 




snowfall retrievals just above the melting layer. As a final constraint on the dataset, a rain echo 
with at least 3 gates had to be present for the profile to be used in the analysis. The rainfall data 
are included in Figure 4.2ef (red pixels). A separate dataset of near-surface snowfall events (i.e., 
0°C isotherm below the clutter echo) is also analyzed in the same manner, but the final constraint 
of the rain echo requirement is removed (not shown in Figure 4.2). After quality control there are 
a total of 3657 profiles of coincident retrievals of snowfall above rain and 1322 profiles of 
coincident retrievals of snowfall near the surface. A map of all the profiles can be found in Figure 
A2.1.  
 
4.2.3 Field Campaign Data  
To highlight the differences between the 2CSP and the NN retrievals, two case studies are 
used: a flight leg obtained as part of the Investigation of Microphysics and Precipitation for 
Atlantic Coast-Threatening Snowstorms (IMPACTS), and a flight leg from the Olympic 
Mountains Experiment (OLYMPEX; Houze et al., 2017). During both field campaigns, 
coordinated flights between a higher-altitude aircraft carrying radars and a lower-altitude aircraft 
carrying in-situ probes obtained coincident measurements of remotely sensed variables like 𝑍" and 
in-situ measurements. The specific radars used in this analysis are the Airborne Precipitation Radar 
(Sadowy et al., 2003) version 3 (APR3, Durden et al., 2019), the Cloud Radar System (CRS; Li et 
al., 2004), the High Altitude Imaging Wind and Rain Profiler (HIWRAP; Li et al., 2016) and the 
ER-2 Doppler Radar (EXRAD; Heymsfield et al., 1996).  
The APR3 is a triple frequency scanning radar measuring co-located 𝑍" at Ku- (13.4 GHz), 
Ka- (35.6 GHz) and W-band (94 GHz) which was flown on NASA’s DC-8 during the OLYMPEX 
field campaign. The APR3 measurements have an uncertainty of 1 to 1.5 dB after being calibrated 
to the surface echo of the ocean surface in clear conditions, and comparisons of the dual-frequency 
ratio measured in low 𝑍" regions at cloud top (Tanelli et al., 2006). The other 3 radars, CRS, 
HIWRAP, and EXRAD, are all nadir-pointing doppler radars that measure at W- (94 GHz), Ka- 
(35.6 GHz), Ku- (13.9 GHz), and X- (9.6 GHz) bands. The CRS, HIWRAP and EXRAD were 
flown together aboard the ER-2 aircraft for IMPACTS. Calibration of the radars was done in a 
similar way as the APR3 and are estimated to have an uncertainty of 1 dB. All measured 
frequencies of 𝑍" are corrected for gaseous attenuation of O2 and H2O using a dropsonde for 




Radiocommunication Sector of International Telecommunication Union 2013 implemented in 
pyLayers (https://github.com/pylayers/pylayers). Mean two-way attenuation correction for 
gaseous extinction is 0.2, 0.4 and 0.6 dB for Ku-, Ka- and W- band respectively. 
Simultaneous cloud in-situ data were collected during both field campaigns. For 
OLYMPEX, in-situ observations were collected on board the University of North Dakota’s Cessna 
Citation aircraft (Delene et al., 2019), while for IMPACTS they were collected on NASA’s P3 
aircraft. Beyond the common state parameters measured (e.g., pressure, temperature, relative 
humidity), the in-situ aircraft also carried the same optical array probes (OAP) to measure the 
particle size distributions within clouds: a 2-dimensional stereo (2DS) and a high-volume 
precipitation spectrometer version 3 (HVPS3). The OAP data are quality controlled using the 
University of Illinois-University of Oklahoma Optical array Probe Software (UIOOPS; Jackson et 
al., 2014; McFarquhar et al., 2017) to correct images that are hollow, remove shattered artifacts 
and reconstruct particles that have dimensions larger than the OAP diode array. The 2DS and 
HVPS data are combined to create size distributions between 175 µm and 3 cm, with a transition 
between the probes occurring at 1 mm. Particles smaller than 175 µm are not included because of 
a small and uncertain depth of field; these small particles do not contribute significantly to 
calculated IWC and thus are not of great importance to the analysis. 
 
4.2.4 Data availability statement 
The coincident dataset between CloudSat and GPM-DPR (Turk, 2016) can be found on 
NASA GPM’s arthurhou ftp site on each of their respective days (see filename 2B.CSATGPM). 
The 2A.DPR files can be found here: http://dx.doi.org/10.5067/GPM/DPR/GPM/2A/05. The 
neural network retrieval from Chase et al. (2021) can be found with their paper’s doi 
(https://doi.org/10.13012/B2IDB-0791318_V2). The IMPACTS and the OLYMPEX data can be 
found on the GHRC website (https://ghrc.nsstc.nasa.gov/home/). 
 
4.3 Results and Discussion  





Figure 4.3: Statistics of measured and retrieved variables for all coincident orbits within which precipitation was 
detected by GPM-DPR Ka-band radar (see supplementary information for a map of locations). (a) Median profiles 
(line with marker) of measured 𝑍/ from CloudSat (dBZ, yellow), GPM-DPR Ka-band (red) and GPM-DPR Ku-band 
(blue). The horizontal lines with caps are the locations of the 25th and 75th quantile. Medians and quantiles were 
calculated in linear units and then converted to log units. (b) As in (a) except for median profiles (line with marker) 
of the retrieved snowfall rate (mm hr-1, hexagon markers) adjusted to mean sea level pressure (1013 hPa) from 2CSP 
(yellow), NN (purple) and version 6 of 2ADPR (grey) for all stratiform instances with snow measured above rain. 
Version 6 of the 2ADPR rainfall retrieval is in black with circle markers. (c) As in (b) but for instances where the 0°C 
isotherm was found below the lowest clutter free gate. 
Statistics of measured and retrieved variables from all coincident measurements between 
CPR and GPM-DPR after quality control are shown in Figure 4.3. The median profile of measured 
𝑍" for GPM-DPR generally increases with temperature, from 19.7 dBZ and 21.6 dBZ to 21.5 dBZ 
and 25.6 dBZ for Ka- and Ku- band, respectively (red and blue lines; Figure 4.2a). While CPR 
median measured 𝑍" 	decreases from 13.8 dBZ to 11.4 dBZ (yellow line; Figure 4.2a). Figure 4.3b 
shows all events where there is a rain retrieval from GPM-DPR. Heymsfield et al. (2018) and Mróz 
et al. (2020) suggested that 𝑅 should be approximately conserved through the melting layer. Thus, 
the closest snowfall retrieval of 𝑅 just above the melting layer to the GPM-DPR rainfall retrieval 
of R just below the melting layer is suggested to be the best performing retrieval. In Figure 4.3b 
the NN retrieval is closest to the rainfall retrieval, with a median value of 1.9 mm hr-1 and a percent 
difference from the rain retrieval of +2%. The next closest to the rain retrieval is the 2ADPR 
snowfall retrieval and then 2CSP, with median values of 1.01 mm hr-1 and 0.95 mm hr-1 and percent 
differences with respect to the rain retrieval of -48% and -51%, respectively. Considering the 
profiles over all temperatures, the smallest values of 𝑅 in the snow layer are retrieved from 
2ADPR, followed by the 2CSP and then the NN retrieval. The slopes of retrieved 𝑅 for 2ADPR 





retrieval is effectively constant for all temperatures, but does show an increase from 1.74 mm hr-1 
at −10°C to 1.9 mm hr-1 at −2.5°C. Events where there was no rain retrieval (i.e., 0 deg isotherm 
in the ground clutter), shows similar results (Figure 4.3c).  
It is surprising to see that the 2ADPR algorithm in snowfall, which is documented to be 
low biased compared to 2CSP (Casella et al., 2017; Skofronick-Jackson et al., 2019), is retrieving 
larger 𝑅 than the 2CSP just above the melting layer (Figure 4.3b). Furthermore, it is not expected 
for single scattered unattenuated W-band 𝑍" to decrease with larger temperatures while the other 
frequencies observe continually increasing 𝑍" 	(Figure 4.3a). The decrease in W-band 𝑍" and the 
subsequent retrieval of 𝑅 starting at −15°C coincides with temperatures that are more likely to 
contain rimed particles and thus supercooled liquid water (Kneifel & Moisseev, 2020). Thus, it is 
hypothesized that the profiles from CloudSat used in this analysis are affected by attenuation that 
is not being fully compensated for in the 2CSP retrieval, likely due to the enigmatic occurrence of 
supercooled liquid water and the assumed extinction properties of solid phase hydrometeors within 
the 2CSP retrieval.  
It has been shown that at W-band (94 GHz) attenuation from snow is not negligible (e.g., 
Kneifel et al., 2011; Kulie et al., 2014).  However,  Matrosov & Battaglia (2009) demonstrate that 
the multiple scattering anticipated with CloudSat in snowfall largely offsets attenuation in their 
assumed conditions, reducing the overall amount of attenuation to within 1-2 dB. Thus, in the 
formulation of 2CSP, the effects of attenuation and multiple scattering are considered (Wood & 
L’Ecuyer, 2018; Wood & L’Ecuyer, 2020). The observed extinction in Figure 4.3a shows a median 
loss of 2.4 dB, but with an estimated two-way correction for gaseous extinction of 0.5 dB (not 
performed in Figure 4.2a), the difference would be closer to the expected range from Matrosov 
and Battaglia (2009). That being said, the assumed T-matrix scattering properties of dry snow used 
in Matrosov and Battaglia (2009) likely have biased their end result; the T-matrix cannot reproduce 
the more accurate discrete dipole approximation scattering properties of large aggregates (e.g., 






Figure 4.4: Scattering properties of various particle shapes at 94 GHz (a) Extinction cross-section (𝜎034) as a function of maximum 
dimension (D) for pristine and aggregate particles from the OPENSSP database (dots; Kuo et al., 2016). Median 𝜎034 for the 
OPENSSP particles (red-orange line). Tmatrix 𝜎034 for oblate spheroids with an axis ratio of 0.6 and mass predicted from Matrosov 
(2007) (blue line). The zenith angle of incident radiation on the T-matrix spheroid is 0°. The 𝜎034 for the assumed particle shape 
within the 2CSP snowfall retrieval, a branched 8-arm porous bullet rosette with arms 30° apart (B8pr-30; black line). (b) as in (a) 
but for the scattering cross-section (𝜎,52). (c) as in (a) but for the absorption cross-section (𝜎26,). (d) as in (a) but for the backscatter 
cross-section (𝜎6257). (e) as in (a) but for the relationship between particle mass and size. 
In order to examine the effect of assuming a spheroid instead a more realistic shape, the 
scattering properties of a few assumed shapes are shown in Figure 4.4. The W-band T-matrix 
calculated extinction cross-section (𝜎".7) is 2.2 times smaller on average than the results from Kuo 
et al. (2016) (Figure 4.4a). Since attenuation is a function of 𝜎".7, the amount of attenuation 
calculated using Kuo et al. (2016) would be larger. But, since multiple scattering cannot be 
ignored, both the scattering (𝜎=>- ,	Figure 4.4b) and absorption (𝜎-<=, Figure 4.4c) cross-sections 
need to be considered. Comparing the T-matrix solution to Kuo et al. (2016), both 𝜎=>- and 𝜎-<= 
are smaller, with mean factors of 2.4 and 1.9 for 𝜎=>- and 𝜎-<=, respectively. If the only difference 
between the T-matrix and Kuo et al. (2016) models was due to the absorption, there would be 
evidence to assume that the Matrosov and Battaglia (2009) study underestimates the amount of 
attenuation. But, since both cross-sections are low compared to those of the Kuo et al. (2016) 






would be true for more complex particle scattering models (e.g., Kuo et al., 2016). In order to fully 
assess the multiple scattering and attenuation, new Monte Carlo simulations with more realistic 
particle shapes are required.  
If it is assumed that the Matrosov and Battaglia (2009) quasi-balance of attenuation and 
multiple scattering represents what occurs in nature, then something else must be affecting the 
retrieval of 𝑅. The assumed particle type within 2CSP is a branched 8-arm porous bullet rosette 
with arms 30° apart (B8pr-30, Wood, 2011). The B8pr-30 particle model was chosen based on its 
performance on forward modeling of reflectively from measured particle size distributions in 
Ontario, Canada as part of the CV3P experiment (Wood, 2011; Wood and L’Ecuyer, 2020). 
Considering the reported extinction and mass-dimension properties of the B8pr-30, for the same 
maximum dimension particle, its mass and 𝜎".7 is smaller than assumed in the T-matrix method 
and the ensemble of particles simulated in Kuo et al. 2016 (Figure 4.4abc). Thus, it is possible that 
within the 2CSP algorithm the calculation of retrieved snowfall properties, including attenuation, 
might be underestimated for the more intense snowfall echoes that make up the profiles in Figure 
3.  Unfortunately, because the backscatter cross-section (𝜎<->I) is also underestimated (Figure 
4.4e) and the optimal estimation framework is non-linear, the effect of particle choice on the 
retrieval of 𝑅 cannot be determined by simply considering the individual particle scattering 
properties. Furthermore, the implementation of new particle scattering characteristics into the 
2CSP optimal estimation framework would require additional sensitivity studies to estimate the 
Jacobian used within the retrieval (Wood and L’Ecuyer, 2020).   
In the next section, two case studies from NASA field campaigns will highlight the 
ambiguity of retrieving snowfall from a single frequency W-band radar, and the benefit of having 












4.3.2 Case Studies 
4.3.2.1 IMPACTS 07 February 2020 15:08 UTC 
 
Figure 4.5: Map and sounding from a case study from the IMPACTS field campaign 07 February 2020 from 
15:08:25 – 15:10:50 UTC. (a) The radar scan is from the lowest elevation (0.5 degrees) from the KTYX NEXRAD 
(circle marker) radar at 15:07 UTC. The black line is the ground track of the airborne radars. The triangle is where a 
ground based radiosonde was launched at 14:14 UTC. (b) Skew-T diagram of the radiosonde.  
On 7 February 2020, a deepening mid-latitude cyclone was moving eastward across the 
state of Pennsylvania, producing a large precipitation shield over central New York (Figure 4.5). 
Snowfall accumulation at the surface for this event exceeded 233 mm (liquid equivalent 35 mm) 
at Syracuse, NY, USA. The IMPACTS field campaign targeted the north side of the cyclone, flying 
a racetrack pattern from Syracuse, NY to Albany, NY and back. Data from one of the three 
coincident flight legs between both aircraft are shown in Figure 4.6.  
The cross-section of measured 𝑍" at W-band (Figure 4.6a) and Ku-band (Figure 4.6b) show 
different perspectives of the same cyclone. Median W-band 𝑍" increases to a maximum of 16.9 
dBZ near 4 km, then decreases to 7.8 dBZ at 0.5 km (yellow, Figure 4.6e). Meanwhile, X-, Ku- 
and Ka-band reflectivities are at a maximum near 1.5 km with values of 29.5, 28.7 and 23.8 dBZ, 
respectively (black, blue and red lines, Figure 4.6e). Retrieved IWC from an optimal estimation 
retrieval using the exact assumptions as the 2CSP retrieval is shown in Figure 4.6c, while the NN 
retrieved IWC is shown in Figure 4.6d. As expected, both IWC retrievals generally follow the 𝑍" 
used within each respective retrieval. The two separate retrievals are relatively close in magnitude 
from 8 to 5 km, but then deviate from 5 km towards the surface. The 2CSP like retrieval shows a 
peak in median IWC near 5 km with a value of 0.16 𝑔	𝑚09 and decreases to a value of 0.1 𝑔	𝑚09 






peaks around 1 km with a value of 0.82 𝑔	𝑚09 (purple line, Figure 4.6f), which is outside the 
median uncertainty estimated from the 2CSP itself (yellow error bars, Figure 4.6f). The 2CSP 
retrieval of IWC at altitudes lower than 5 km shows laminar type features (Figure 4.6c), suggesting 
that the retrieval is predominantly relying on the 𝑎	𝑝𝑟𝑖𝑜𝑟𝑖 assumptions (i.e., input temperature) as 
opposed to the 𝑍" input. Unfortunately, during this cross-section the in-situ aircraft was turning 
into the ER-2 flight track after the ER-2 already sampled the region. Thus, the in-situ data are not 
matched well and could not be used for evaluation of the retrievals. Nonetheless, given the 𝑍" 
structure from the lower frequency radars (e.g., Ka, Ku and X), it is expected that the 𝐼𝑊𝐶 should 
increase with decreasing altitude, beyond 5 km.  
 
Figure 4.6: Cross-sections of measured and retrieved data along the flight track shown in Figure 4.5 (a) Nadir W-band 
𝑍/ (in dBZ) corrected for gaseous attenuation of O2 and H2O. (b) As in (a) but for Ku-band. (c) Retrieval of ice water 
content from the W-band only CloudSat like retrieval (in g m-3). (d) Calculation of IWC from the NN retrieval of Dm 
and Nw in (g m-3). (e) Median profiles of X- (black), Ku- (blue), Ka- (red) and W-band (yellow) along the cross-
section. The tick labels on the right are approximant temperatures for each height inferred from radiosonde 
measurements. (f) as in e, but now showing the median IWC from the CloudSat like retrieval (2CSP; yellow) and the 
NN retrieval (purple). The error bars on the 2CSP median are the median uncertainty estimated from the optimal 
estimation retrieval. 
  The radar data from Figure 4.6 are likely analogous to the type of observations that were 
collected from the GPM-DPR and CloudSat coincidences (Figure 4.3c). These deep precipitating 
systems result in increasing Ku- and Ka- band reflectivity while W-band decreases with higher 
temperatures. It is clear that the amount of attenuation in this case is large and is non-negligibly 
affecting the retrieval of IWC from the W-band only technique (Figure 4.6cf). The data from 









the column, the 2CSP retrieval is forced to rely more heavily on the 𝑎	𝑝𝑟𝑖𝑜𝑟𝑖 information which 
is likely not appropriate for these intense snowfall events.  
 
4.3.2.2 OLYMPEX 18 December 2015 06:46 UTC 
 
Figure 4.7: As in Figure 4.5, but for a case study from the OLYMPEX field campaign 18 December 2015 from 
06:47:48 – 06:49:17 UTC. (a) The ground-based radar used is the KLGX radar from 06:49 UTC. The black lines are 
the extent of the APR3 swath and the blue line is the in-situ aircraft. The triangle is a dropsonde, dropped from the 
APR3 aircraft at 05:57 UTC. (b) Skew-T diagram of the dropsonde data in (a).  
On 18 December 2015 an occluded front was moving eastward from the Pacific Ocean 
towards the Olympic Peninsula in Washington State forcing widespread stratiform precipitation 
(Figure 4.7).  The OLYMPEX field campaign conducted three coincident flights between the 
NASA’s DC-8 and the UND Citation over the same east-west track. Data from one of the 
coincident flights over the ocean are shown in Figure 4.8.  
As opposed to the previous case where surface snowfall was observed, Figure 4.8b shows 
a clear melting level (i.e., bright-band) located at 1.6 km, highlighting the phase transition from 
snow to rain. Thus, this case provides a potential example of the cases shown in Figure 4.3b and 
closely resembles the structure in Figure 4.2. As in the previous case, the W-band 𝑍" (Figure 4.8a) 
and Ku-band 𝑍" (Figure 4.8b) show different vertical variations for the same precipitation. W-
band 𝑍" increases to a maximum of 12.7 dBZ at 4.1 km, then fluctuates down and back up to 12.7 
dBZ at 2.9 km. From 2.9 km to 1.9 km, the W-band 𝑍" decreases from xx dBZ to 9.1 dBZ (Figure 
4.8e). The other measured frequencies show increasing 𝑍" throughout most of the profile, reaching 
a maximum of 20.9 and 27.4 dBZ for Ka- and Ku-band, respectively, before melting (Figure 4.8e). 






retrievals (Figure 4.8cd). The 2CSP like retrieval suggests a maximum IWC of 0.15 𝑔	𝑚09 at 4.1 
km decreasing to 0.08 𝑔	𝑚09 at 2 km (Figure 4.8f). Meanwhile, the NN retrieved IWC agrees with 
the 2CSP routine from 8 km to around 4 km, but then is approximately six times larger at 2 km, 
with a maximum IWC of 0.51 𝑔	𝑚09 (Figure 4.8f). Similar to the last case, the 2CSP retrieval 
loses all 𝑍" structure in the vertical column after the W-band 𝑍" exceeds 10-12 dBZ. This again 
suggests that the 2CSP retrieval is relying more heavily on the 𝑎	𝑝𝑟𝑖𝑜𝑟𝑖 information as opposed 
to 𝑍". 
 
Figure 4.8: As in Figure 4.6, but for a case study from the OLYMPEX field campaign 18 December 2015 from 
06:47:48 – 06:49:17 UTC. (e) and (f) now have markers with caps that indicate the 25th, 50th and 75th percentiles 
calculated from the in-situ measured PSD using Leinonen & Szrymer (2015) backscatter cross-sections. 
For this case, the in-situ aircraft was flying at an average altitude of 1.7 km (-0.5 degC), 
right within the observed reduction of W-band 𝑍". This location of reduced 𝑍" at W-band has been 
termed the radar ‘dark’ or ‘dim’ band in the literature (e.g., Heymsfield et al., 2008; Kollias & 
Albrecht, 2005; Sassen et al., 2005, 2007). The IWC calculated from the particle size distribution, 
assuming moderately rimed aggregates as in Leinonen & Szrymer (2015) (a=0.249,b=2.30), shows 
the best agreement with the measured Ku- and Ka-band reflectivity (markers with error bars, 
Figure 4.8e) and suggests median IWC values close to the NN retrieved IWC of 0.51 𝑔	𝑚09.	Thus, 
the NN retrieval seems more plausible, given that the 2CSP retrieval of IWC is six times smaller 











Figure 4.9: In-situ observations from 18 December 2015. The in-situ aircraft is located by the dashed line in Figure 
4.8 (a) Measured N(D) with the same x-scale as Figure 4.8 (shading). The line with markers is the mass weighted 
mean diameter assuming the same m-D from Leinonen & Szrymer (2015) that recreates the measured 𝑍/ in Figure 
4.8. (b) Example particle images from both the 2DS (blue) and the HVPS (orange). These are from the 8 km location 
on the x-axis. (c) same as b, but for 16 km on the x-axis. 
Figure 4.9 shows the measured particle size distribution and some particle images from the 
in-situ aircraft. There are large aggregates with maximum dimensions exceeding 1 cm for the 
duration of the flight, and near the end of the flight 2 cm particles are observed. Using the Cloud 
Droplet Probe and the Rosemount Icing Detector (Baumgardner & Rodi, 1989) there is limited or 
no supercooled liquid water present in the sampled layer (not shown). Thus, for the in-situ 
measured location, the source of attenuation at W-band is mainly caused by the larger ice particles. 
The attenuation is further evident from the difference between the forward calculated W-band 𝑍" 
from the PSD, 12.6 dBZ (yellow marker Figure 4.6e), and the measured median W-band 𝑍", 9 
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4.4 Conclusions  
With the advent of spaceborne radars, the global estimation of precipitation and the 
quantification of the hydrologic cycle has been enabled. Both CPR and GPM-DPR provide unique 
opportunities to study snowfall near the surface and snow properties throughout the atmospheric 
column. For the first time, a direct quantitative comparison of the 2C-SNOWPROFILE (Wood & 
L’Ecuyer, 2018; Wood & L’Ecuyer, 2020), 2ADPR (Iguchi et al., 2018) and a neural network 
retrieval (Chase et al., 2021) on coincident measurements was conducted. The main conclusions 
from the comparison of over 3500 precipitating profiles collected globally are as follows:  
1) The neural network (NN) snowfall retrieval just above the melting layer from Chase et al. 
(2021) provided the best agreement to the rain layer retrieved precipitation rate (𝑅) from 
just below the melting layer.  
2) CloudSat’s 2C-SNOWPROFILE (2CSP) retrieval showed decreasing 𝑅 with temperatures 
greater than −15°C, by about 35% in magnitude from −15°C to −2.5	°C, and 
underestimated the retrieved 𝑅 just below the melting layer by about 50%.  
3) GPM-DPR’s 2ADPR snowfall retrievals for most temperatures showed the smallest 
retrieved 𝑅 compared to the 2CSP and the NN retrieval.  
It should be emphasized that the data used to arrive at these conclusions are from profiles 
that have at least 3 gates of 18 dBZ Ka-band 𝑍" within the ice layer (minimum sensitivity of the 
KaPR radar). Thus, the profiles used in the analysis are likely in the upper tail of the distribution 
of intensity for stratiform precipitation. While these profiles are less frequent in terms of total 
number, they likely have a much greater effect on the total accumulation of precipitation at the 
ground. Initial investigations have shown the GPM-DPR is not well suited for capturing the entire 
distribution of snowfall accumulation (Casella et al., 2017; Skofronick-Jackson et al., 2019), but 
if the bias in the retrieved 𝑅 from 2CSP reported in Figure 4.3 is found within a large fraction of 
snowfall events within the CloudSat record, then there is opportunity for GPM-DPR to assist in 
the quantification of the moderate to intense snowfall events. Furthermore, for the data used here, 
some of the assumptions made in the 2CSP optimal estimation retrieval, such as the particle model 
or the quasi-balance between multiple scattering and attenuation, could be inappropriate and might 
be producing the reduction in 𝑅 from −15°C to −2.5°C. Future work should investigate using new 
state-of-the-art particle scattering models (e.g., Eriksson et al., 2018; Kuo et al., 2016) and their 




In addition to the results from the coincident GPM-CloudSat dataset, two case studies from 
NASA field campaigns highlight apparent attenuation effects on W-band only retrievals of 
snowfall. The main conclusion from the two case-studies is as follows: Coincident W-, Ka- and 
Ku- band measurements suggest that when 𝑍" at W-band exceeds 10-12 dBZ in the atmospheric 
column, the 2CSP retrieval relies more on the assumed 𝑎	𝑝𝑟𝑖𝑜𝑟𝑖 information to conduct its 
retrievals, which may not be representative of moderate-to-intense snowfall events, leading to an 
overall underestimation in ice water content (IWC) and subsequently 𝑅. While the overall amount 
of attenuation might initially seem small, 2-3 dB, its effect on the 2CSP retrieval is clearly not 
negligible. In both cases, the 2CSP retrieval peaks near the dendritic growth zone (−15°C) and 
then decreases towards greater temperatures. In-situ data suggests that the attenuation source is 
mainly the presence of large aggregates but supercooled water cannot be ruled out with this data 
set. The analysis of the multifrequency radar measurements here further support the already 
documented notion that multifrequency radar measurements improve snowfall retrievals (e.g., 
Battaglia et al., 2020; Grecu et al., 2018; Kneifel et al., 2011; Kneifel et al., 2015; Leinonen et al., 
2018; Tridon et al., 2019). Thus, it is important for any future planned spaceborne missions that 
have a priority to measure global snowfall properties, and more generally the entire precipitation 
production processes, to include a longer wavelength radar such as a Ka- or Ku-band system in 
tandem with the W-band system, in order to improve precipitation science and the associated 
retrievals.  
Additional future work should explore the current CloudSat record (2006-2016) and 
consider the documented reduction in 𝑅 with larger temperatures from this paper. For example, 
many studies (Cabaj et al., 2020; Edel et al., 2020; Kulie et al., 2016, 2020; Kulie & Bennartz, 
2009; Kulie & Milani, 2018; Liu, 2009; Milani et al., 2018; Palerme et al., 2014, 2017; Skofronick-
Jackson et al., 2019) have adopted the near-surface gate as the source of data to analyze when 
calculating the distribution of global snowfall accumulation and its properties. Instead, the entire 
profile of measured 𝑍" should be considered, in order to diagnose when the attenuation problems 
could be occurring, and thus the frequency and effect of these attenuated profiles on the global 
snowfall accumulation could be estimated. While stratiform profiles were mainly used in this 
paper, shallow convective clouds that make up a non-negligible fraction of total snowfall over the 
ocean (Kuile et al., 2016) also have considerable attenuation issues at W-band (Battaglia & 




update the analysis presented here with the extended coincident dataset after August 2016, when 






Main conclusions and future work  
 
5.1 Main conclusions  
Since its launch in 2014, the Global Precipitation Measurement mission’s Dual-frequency 
Precipitation Radar (GPM-DPR) has measured over a billion precipitating profiles. While the 
GPM-DPR satellite was not specifically designed for snowfall observation, a level 1 requirement 
was to detect surface snowfall which has been met (Skofronick-Jackson et al., 2017). Beyond the 
level 1 requirement, GPM-DPR is capable of quantitatively retrieving snowfall (e.g., Adhikari et 
al., 2018; Adhikari & Liu, 2019; Skofronick-Jackson et al., 2019) but evaluations of the current 
operational version of the snowfall retrieval show large low biases in the retrieved snowfall rate 
compared to CloudSat (Casella et al., 2017; Skofronick-Jackson et al., 2019) which is the more 
trusted source given the numerous published evaluations performed (e.g.,  Cao et al., 2014; Chen 
et al., 2016; Matrosov, 2019; Norin et al., 2015; Souverijns et al., 2018). Thus, this dissertation 
had the following three tasks:  
1) Evaluate the current GPM-DPR microphysical assumptions for retrievals of both rain 
and snow. 
2) Formulate an alternative retrieval that can be used with GPM-DPR. 
3) Evaluate the newly derived retrieval against CloudSat. 
Task 1 was conducted using a myriad of ground-based measurements of the particle size 
distribution (PSD) in both rain and snow (Chapter 2). After investigation, Chapter 2 showed that 
the assumption within the GPM-DPR retrieval that all hydrometeors follow a prescribed empirical 
relation between the liquid equivalent mass flux (𝑅) and the liquid equivalent mass weighted mean 
diameter (𝐷!) is inherently flawed for snowfall, showing a weak correlation between log	(𝑅) and 
𝐷!. In order to improve snowfall retrievals, Chapter 2 suggested to pursue other retrieval methods.  
Motivated from the results of Task 1, Task 2 formulated a retrieval of snowfall properties 
using state-of-the-art particle scattering models, measured particle size distributions within clouds 
and a neural network.  Specifically, the neural network was formulated to take inputs of Ku-band 
radar reflectivity factor (𝑍"), the dual-frequency ratio between Ku- and Ka-band (𝐷𝐹𝑅FG0F-) and 
the temperature (𝑇), all of which are available in an operational sense from GPM-DPR data. The 




and an estimate of the GPM-DPR algorithm on retrieving ice water content (IWC). Furthermore, 
the neural network retrieval supplies additional information about the PSD by retrieving 𝐷! and 
the normalized intercept parameter (𝑁&). Estimated errors from the retrieval evaluated on three 
case studies from field campaigns shows the neural network can retrieve 𝐷!, 𝑁& and IWC with 
median percent errors of -13%, +120% and +10%.  
Since Tasks 1 and 2 were motivated by the comparisons between retrieved snowfall from 
CloudSat and GPM-DPR (e.g., Skofronick-Jackson et al. 2019), Task 3 sought out to evaluate if 
the new retrieval formulated in Task 2 improved the estimation of snowfall from GPM-DPR. To 
do so, a publicly available coincident dataset of the two satellites (Turk, 2016) was leveraged to 
directly compare retrievals from CloudSat, the default GPM-DPR algorithm, and the new neural 
network retrieval. The result from over 3,500 coincident observations showed that for profiles that 
GPM-DPR can observe (i.e., above the minimum sensitivity of GPM-DPR, 12 and 18 dBZ for Ku 
and Ka- bands respectively) the neural network retrieval is performing the best, reproducing the 
more constrained rainfall rate retrieval just below the melting layer to within 2%. Furthermore, it 
was documented that CloudSat is likely not fully compensating for the amount of attenuation in 
the retrieval of snowfall, which suggests the CloudSat snowfall climatologies (e.g., Kulie et al., 
2020) are likely low biased in observing the moderate to heavy snowfall rates.  
 
5.2 Limitations of this study 
 While the results found in this dissertation are advancements to the field, it is important to 
remind the reader of the limitations. The main limitation of Chapter 2 is the limited sample size of 
the snowfall dataset used. At the time of submission of the manuscript that is Chapter 2, there was 
only one thoroughly vetted snowfall dataset with the high-quality measurements required to the 
𝑅 − 𝐷! evaluation.  Chapter 3 has two main limitations. The first is that there are no rimed particle 
types in the training data. Thus, it is not expected that the neural network retrieval will not perform 
optimally in heavy riming conditions. The second limitation of Chapter 3 is that the case studies 
used for in-situ evaluation are not completely independent of the training dataset for the training 
of the neural network. As a reminder, the training dataset used random PSDs measured during 
OLYMPEX, GCPEX and MC3E. Since these PSDs were used in training, the in-situ evaluations 
done in Chapter 3.3 are not completely independent. The main limitation of Chapter 4 is the 




though more than 3,500 profiles are a decent sample size, in the context of gathering a 
representative portion of the total precipitation distribution, this number is likely small.  
 
5.3 Directions of future work 
 The body of the work presented here was mainly the evaluation of snowfall retrievals, 
including both old and new techniques. While retrieval evaluations are important for understanding 
uncertainties and errors, the evaluation efforts are ultimately motivated to retrieve snowfall and its 
properties from the GPM-DPR record around the world. The logical next step would be to use the 
new neural network retrieval derived in Chapter 3 on the entirety of the GPM-DPR record (now 
almost 7 years of data). While running the new neural network retrieval on the GPM-DPR record 
is somewhat trivial, the main challenge lies in the interpretation of the end result. Because the 
sensitivity of GPM-DPR is relatively low (12 and 18 dBZ for Ku- and Ka- band respectively) a 
large portion of the global snowfall distribution will be missed. Nonetheless, Chapter 4 showed 
that CloudSat’s snowfall retrieval is likely suffering from attenuation in the moderate to strong 
snowfall events, providing an opportunity for GPM-DPR to assist in the quantification of these 
events. For example, Hayden & Liu (2018) combined the strengths of individual spaceborne radars 
to achieve a better perspective of the entire global precipitation process. This same idea can be 
extended to snowfall, where CloudSat could be used for the low to moderate snowfall rates and 
GPM-DPR used for the moderate to heavy snowfall rates. An additional challenge for creating 
global snowfall distributions from spaceborne radars is diagnosing when snow is observed at the 
surface. Unfortunately, CloudSat and GPM-DPR both have ground-clutter that extend to at least 
0.5 to 0.75 km over the ocean, and become considerably worse over complex topography (≥
1	km). While the prediction of when snow melts to rain can be determined from thermodynamic 
principles, the accuracy of reanalysis datasets used in conjunction with satellite radars is not 
sufficient to be highly confident in the phase of the precipitation that reaches the surface. Thus, 
future studies should look to improve the correct detection of the phase of surface precipitation.  
 Another area of study beyond this dissertation would be to advance the complexity of the 
retrieval built in Chapter 3. It should be reemphasized here that the neural network retrieval was 
formulated using only unrimed particle types. Thus, it is a simplistic representation of reality that 
can be further improved by including rimed particle types. However, it should be carefully 




Kneifel & Moisseev, 2020). It is hypothesized that a more realistic database to train the neural 
network will result in more accurate retrievals.  
Finally, more case studies evaluating the retrieval directly with in-situ observations would 
be highly beneficial. For example, there are a plethora of cases from NASA filed campaigns (e.g., 
MC3E, GCPEX, OLYMPEX, IMPACTS) that could be leveraged into a much larger evaluation 
dataset of the neural network retrieval. Ideally, however, a new in-situ dataset would be collected 
with a bulk water content probe that has less error and uncertainty: currently all NASA GV datasets 
have used the Nevzorov probe which has documented sampling issues (Abel et al., 2014; Korolev 
et al., 2013) and thus its data are highly uncertain. A new high-fidelity bulk water content probe 
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A.1 Supporting information for Chapter 3 
A.1.1 Derivation of GPM-DPR estimate 
Since the GPM-DPR operational algorithm is not trivial to implement and not open source, 
a method to estimate the GPM-DPR algorithm is described here. A legacy power- law fit of the 
form in Equation 3.9 is formed from direct operational output of the Level 2 2A.DPR files (doi: 
http://dx.doi.org/10.5067/GPM/DPR/GPM/2A/05). Specifically, 4 orbital files are chosen from 
2014, 2015, 2016, 2017 and 2018 resulting in 20 total files. From there, the data are curated by 
selecting precipitating profiles (flagPrecip=11) and where the near-surface temperature, 
determined from the 2A.ENV files, is < 5°C. The temperature threshold is to prevent strong 
convective instances in the data where riming would be likely. From there, radar gates are chosen 
where the gate temperature is < 0°C to isolate solid phase hydrometeors. After the above conditions 
have been selected, the parameters in Equation 3.10 are fit using the sklearn python package linear 
regression between the log	(IWC) and the log(𝑍"). The 𝛼 and 𝛽 values can be found in Table 3.1. 
A.1.2 Histograms of training data 
In order to provide perspective of the range of data used to train the neural network, all 
scattering properties are summarized in normalized histograms in Figure A1.2. The left column 
are all the ranges of reflectively at Ku- (a) Ka- (b) and W- (c) band. The corresponding dual-
frequency ratios between Ku and Ka (d), Ka and W (e) and Ku and W are found in the right 











Figure A1: Randomly selected snowfall echoes from the 2A.DPR files. (a) Ku-band relationship between 𝑍/ and IWC. 











Figure A.2: Histograms of the training dataset used for the Neural Network. (a) Ku-band (b) Ka-




A.2 Supporting information for Chapter 4  







Figure A.3: Map of all footprints used in the comparison between the retrieval products. 
